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Classroom teachers in PK-12 grades in the U.S.A. are under immense pressure to 
use data from internal and external sources in order to make decisions expected to 
transform their instructional practice to hopefully meet the adequate yearly progress 
demanded by accountability policies. This exploratory case study was conducted on a 
midsized school district in the Midlands region of South Carolina. The study sought to 
explore what student data forms the district teachers had access to, and how they used 
those data in making instructional and other student-level decisions. The study also 
explored the teachers’ perceptions on their attitudes towards data, their self-efficacy in 
data use competency, perceived level of organizational support for data use capacity, and 
the level of trust in working with colleagues in data teams. The study also sought to 
explore what effect, if any, these perceptions had on increasing district teachers’ data use 
capacity towards enculturation. Results from 1056 teachers (56% response rate) who took 
a modified teacher data use survey (TDUS) (Wayman et al., 2016), showed that the 
district teachers had adequate access to all forms of data presented in the survey: 
readiness, achievement, formative, teacher generated and other data.  
District teachers overwhelmingly showed preference for using their own data 
ahead of any other for instructional decision-making. The top four actions, in order from 
first to fourth, with these four data forms are: tailoring instruction to meet individual 
student needs, identifying instructional content to use in class, and developing 





showed that teacher perceptions on their competence in using data had the most 
significant contribution to predicting teacher actions with data while perceptions on data 
team trust were surprisingly not significant in predicting district teacher actions with data. 
The mean measure of actions with data was significantly lower than each of the four 
means of the perceptions: competence, attitude, organizational support and trust. Further 
investigation may be needed to understand this phenomenon in the district.  
The fact that teachers expressed confidence in their data competence skills, 
attitude towards data, and in the level of organizational support for data use yet do not 
use data widely suggests that there may be conflation of assessment literacy with data 
literacy. If this is true and not unique to the case study district, then the implication is for 
schools of education nationally to prepare preservice teachers by offering in-depth data 
literacy courses. Meanwhile, the school district may consider developing or shopping for 
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ADM .......................................... Administrator (principal, administrator, or their assistant) 
AI .............................................................. I am good at adjusting instruction based on data  
AP ............................................................................... I am adequately prepared to use data 
AS .................................................... I am adequately supported in the effective use of data 
ACT............................................................................. Actions in Collaborative data Teams 
AOD .............................................................................................................. Action on Data 
AWAD ............................................................................... Actions with Achievement Data 
AWFAD .............................................................. Actions with Formative Assessment Data 
AWITSD ................................................... Actions with Individual Teacher’s Student Data 
AWRD .................................................................................... Actions with Readiness Data 
BS ........................................ Students benefit when teacher instruction is informed by data 
CMO ......................... My principal or assistant principal(s) creates many opportunities for  
                                   Teachers to use data  
CT ...........................................................................................................  Classroom teacher 
DB…....................................................We discuss our preconceived beliefs about an issue  
DC ................................................................................ We draw conclusions based on data  
DDM ..................................... My principal or assistant principal(s) discusses data with me 
DL ...........................................  I am good at using data to diagnose student learning needs 
DP .................................................................................... Discuss with a parent or guardian 





ED ........................................................ We explore data by looking for patterns and trends 
EDU ........... My principal or assistant principal(s) encourages data use as a tool to support   
                      Effective teaching.  
EPD ........................ My district provides enough professional development about data use  
ES ....................................................................................  Elementary school (grades PK-5) 
EU ................................ The computer systems (for data use) in my district are easy to use  
EVD ............... The computer systems in my district allow me to examine various types of  
                          Data at once (e.g., attendance, achievement, demographics).  
FAD....... Formative assessment data (from benchmarks and other grade/school wide tests) 
FDU............................................................................................................ I find data useful  
GUD ......................... The computer systems in my district generate displays (e.g., reports,     
                                    Graphs, tables) that are useful to me. 
HBB ........................................................................ Using data helps me be a better teacher 
HPI ................................................................................. Data help teachers plan instruction  
HS ............................................................................................... High school (grades 9-12) 
IA .................................... We identify additional data to offer a clearer picture of the issue  
IAS ........................................... We identify actionable solutions based on our conclusions 
IC............. Instructional coach (instructional coach, data coach, instructional support staff) 
ID ..................................................................... Identify instructional content to use in class 
IEP....................................... I think it is important to use data to inform education practice 
ILG .................................................. Data help teachers identify learning goals for students  
IN ................................................................ Tailor instruction to individual students’ needs 
IQ .......................................... We identify questions that we will seek to answer using data  
ITSD .........  Individual teacher student data (teacher’s own data from classroom activities) 





LD ......................................................................... We approach an issue by looking at data  
LUD ............................................................................................................ I like to use data  
MC ............................................................................. Meet with a specialist about this data  
ML........................... We use data to make links between instruction and student outcomes 
MS .............................................................................................  Middle school (grades 6-8) 
MT....................................................................... Meet with another teacher about this data 
OD ........................................  Other forms of data not included in RD, AD, FAM, or ITSD 
ONI .............................. Data offer information about students that was not already known 
PA .......................... The computer systems in my district provide me access to lots of data 
PD ............................................................................................... Professional Development 
PDU............... My district’s professional development is useful for learning about data use 
PGE ............. principal or assistant principal(s) is a good example of an effective data user  
PL .............................................................................I am good at using data to plan lessons  
POT ................... My principal or assistant principal(s) has made sure teachers have plenty   
                             Of training for data use.  
PP ............... When we consider changes in practice, we predict possible student outcomes 
PT ................................................. I have the proper technology to efficiently examine data  
PTD ................. My principal or assistant principal(s) creates protected time for using data 
R2 ............... School district (all participants in TDUS from all school levels and positions) 
RAS .................................... Develop recommendations for additional instructional support 
RD ...... Readiness data (from measuring students’ readiness for subsequent learning level) 
RP ........................................................... We revisit predictions made in previous meetings 
SAQ.................................... There is someone who answers my questions about using data 





SHC ...... There is someone who helps me change my practice (e.g., my teaching) based on  
                Data  
SLG .................................................... I am good at using data to set student learning goals 







Since the enactment of No Child Left Behind (U.S. Department of Education, 
2001), schools have been collecting large amounts of student level data. However, 
schools struggle to make sense of all the collected data, especially for the purposes of 
informing classroom instruction (Donhost & Anfara Jr, 2010; U.S. Department of 
Education, 2010). Making sense of school data requires a deliberate and focused 
professional development (PD) for the understanding of underlying concepts, theories 
and interpretive frames of reference for data use (Hamilton et al., 2009). Many 
researchers posit that these requisite skills are missing in educators in general and 
classroom teachers in particular (Chick & Pierce, 2013; Cooley et al., 2006; Gerzon, 
2015; Huguet, Marsh, & Farrell, 2014; Jimerson & Wayman, 2015; Mandinach, Honey, 
Light, Heinze, & Nudell, 2005; Mandinach, Honey, & Light, 2006; Marsh, Bertrand, & 
Huguet, 2015; Mokhtari, Rosemary, & Edwards, 2007; Nelson & Eddy, 2008). Educators 
commonly and selectively use data collected for accountability requirements, often in 
isolation from other types of data that could enrich and validate their decisions 
(Schildkamp & Kuiper, 2010).  
Interestingly enough, there is an implicit assumption in the accountability 
legislation that the availability of large amounts of data will spur classroom reforms that 
will move educational practice forward (Spillane, 2012). What this fails to acknowledge 





use the data to drive their instructional decisions (Marsh et al., 2015; Reeves & Burt, 
2006). This is understandable, as, according to Gummer and Mandinach (2015), data 
literacy is a complex and yet requisite construct that would benefit from additional 
discussion from policy makers, researchers, and practitioners to refine and reorganize it 
and to expand it beyond the presently cognitive focus on knowledge and skills to include 
beliefs/values, identity, and epistemic elements. Closely related to this data literacy 
requirement is supporting teachers to acquire minimal statistical literacy in order to 
effectively understand and to use data to inform and reform practice (Chick & Pierce, 
2013). Many researchers contend that various support structures are needed to back 
teachers’ efforts to use data.  
One such form of support includes structured support from state agencies, district 
and school level administration (Huguet et al., 2014; Marsh et.al, 2015; U.S. Department 
of Education, 2009, 2010). Some studies have reported significant progress in promoting 
data use when states have provided support to districts and schools to use data (Gottfried 
et al., 2011; LaPointe et al., 2009; U.S. Department of Education, 2009). According to 
Gottfried et al. (2011), the states of Arkansas, Florida, Texas, and Virginia put in place 
policies, practices, and programs to support local data-driven decision-making (D3M). 
LaPointe et al. (2009) also report on concerted efforts to support D3M by education 
agencies in the northeast and islands region of the United States (Connecticut, Maine, 
Massachusetts, New Hampshire, New York, Rhode Island, Vermont, and Virgin Islands). 
Cooley et al. (2006) reported similar promising state initiatives in Ohio, New Mexico, 
and Michigan, funded under the Wallace Foundation’s State Action for Education 





provision of structured time for collaboration around data (Honig & Venkateswaran, 
2012; Marsh, 2012; U.S. Department of Education, 2010).  
Datnow and Hubbard (2016) emphasize the role of leadership such as that of the 
principal at the school level, in school wide data initiatives. Lack of time provided by 
school leadership to collaboratively work with data is often cited as one major barrier to 
data use efforts (Lachat & Smith, 2005; Levin & Datnow, 2012; Marsh et al., 2006; U.S. 
Department of Education, 2007, 2010). Some have referred to time set aside for staff 
collaboration on data inquiries as ‘protected time’ (NCTE Assessment Task Force, 2013).  
Another form of support calls for staff training with technology tools and 
availability of technical expertise to access, analyze and use data (LaPointe et al., 2009; 
Light et al., 2005; U.S. Department of Education, 2009, 2010). From their Grow Project, 
Light et al. (2005) concluded that digital technology makes possible the systematic 
collection of richer data from different sources than would be possible from standardized 
tests alone. Mandinach et.al. (2006) posits that the role of technology-based tools is to 
enable, support, and facilitate D3M by various stakeholders at different levels. For 
example, through technology based tools, stakeholders can use applications that facilitate 
diagnostics, transformation of data into information and knowledge from which decisions 
can be made, and institutional data warehousing, which creates repositories of student 
historical data from which database various users can query to inform their contextual 
data needs (Mandinach et al., 2005). According to Reeves and Burt (2006), some 
principals reported inadequate technology to handle the massive amounts of data as 
barriers to data use. It is widely recognized that, while districts are spending large 





staff in effective use of these resources, and to provide access to technical expertise to 
support school use of these electronic data systems (U.S. Department of Education, 
2010). Partnerships with institutions of higher learning or other external consultants help 
build institutional capacity for data use (Datnow & Hubbard, 2016a).  
PD opportunities is yet another popular recommendation (Faria, Greenberg, 
Meakin, Bichay, & Heppen, 2014; LaPointe et.al, 2009; Marsh, Bertrand, & Huguet, 
2015; U.S. Department of Education, 2009, 2010; Wayman, 2005). According to a study 
by Mandinach, Friedman, and Gummer (2015), most schools of education in the U.S. do 
not offer courses geared towards D3M, in spite of claims by some to do so on their course 
syllabi. The authors argue that most of these courses are aligned more to assessment 
literacy, preparing teachers to be able to calculate basic non-inferential statistics and 
simple comparative graphs (Chick & Pierce, 2013), than they are to data literacy, which 
requires the ability to understand, interpret and use other non-assessment data in addition 
to assessment data. The challenge to prepare educators for D3M, therefore, largely falls to 
PD interventions. Ongoing PD should be employed to build educators’ capacity for D3M 
instructional practices (Bocala & Boudett, 2015). The need for sustained and ongoing PD 
is also emphasized by Bruce, Esmonde, Ross, Dookie, and Beatty (2010) who prefer the 
use of “professional learning” (p. 2) to emphasize the fact that it needs to be a sustained 
ongoing job-embedded PD. However, identifying and implementing effective PD 
practices that actually transform instructional practices remains a major challenge (U.S. 
Department of Education, 2009). Data use PD are particularly important for data use 
leaders such as the principal and/or instructional or data coaches. Farley-Ripple and 





build data use capacity through social networks such as the teachers’ data advice 
networks, and that such networks are built through PD.  
In one of their studies on the use of data in decision-making by educators, Shen et 
al. (2010) found that: (a) educators almost exclusively use student achievement data, 
neglecting other streams of data such as student and community background data and 
school process data; (b) student achievement data are used more for accountability 
purposes (assessment ‘of’ rather than assessment ‘for’ learning); (c) different streams of 
data are rarely used together to derive rich meaning for decision-making; and (d) school 
districts differ in the extent to which their principals use data to improve curriculum and 
instruction. From their studies in Dutch elementary schools, Schildkamp and Kuiper 
(2010) corroborate this selective data use practice. There is, therefore, a need for some 
systematic framework for data use that would make educational decisions in PK-12 truly 
data-driven. Understanding current teacher data use practices and attitudes is the first step 
towards designing effective and systematic data use models that will move educators 
beyond merely meeting accountability requirements to routinely informing daily 
classroom practice. This is the essence of the D3M model. 
Problem Statement 
It is not well known how educators actually use “data” to inform and reform their 
practice for the improvement of student learning outcomes (Coburn & Talbert, 2006; 
Coburn & Turner, 2012; Datnow & Hubbard, 2015; Even, 2005; Faria et al., 2014; 
Hamilton et al., 2009; Light, Wexler, & Heinze, 2004; Little, 2012; Schildkamp, 
Poortman, Luyten, & Ebbeler, 2017; U.S. Department of Education, 2009). Unless policy 





by educators, efforts towards reform are likely to lead nowhere. In the true spirit of the 
D3M framework, data is needed to help guide decisions that will transform data use 
practice by educators. Educators’ “data use” data will inform any recommendations that 
may ultimately lead to systemic data use by educational practitioners at various levels of 
the PK-12 school systems. This systemic use is what is referred in this work by an 
“enculturating D3M practice.” 
Purpose of the Study 
Classroom teachers, principals, schools, and school districts collect many data on 
students. A large proportion of this data includes data on learning outcomes gathered 
through the classroom mediated assessments as well as data collected through 
standardized tests, mostly for accountability purposes, such as is required by the No 
Child Left Behind (NCLB) legislation. Such data is hoped to inform the school 
personnel’s, especially the classroom teachers’, practice, and lead to important D3M that 
would ultimately help schools meet the goal of making all students successful by meeting 
desired learning achievement targets. 
Despite the vast amount of data generated and collected on student learning 
outcomes, the classroom teacher generally seems unable to tap into and use this 
information to inform their practice to improve teaching and ultimately lead to higher 
student achievement on targeted learning outcomes. One could understandably draw 
parallels between the school system and modern business enterprises, with regards to vast 
amounts of student data waiting to be taken advantage of, and ‘Big Data’ for business 
enterprises. In their investigation of 330 public North American companies about their 





on data-driven practices in the era of ‘Big Data’, McAfee & Brynjolfsson (2012) found 
that those companies who characterized themselves as data-driven tended to be generally 
more productive (achieve at higher levels) than their competitors. They concluded that 
data-driven decisions are more likely to produce better decisions. Proponents of D3M in 
PK-12 school system envision similar outcomes, if only school improvement efforts 
could be systematically informed by data. In the words of some researchers, educators are 
data-rich but information-poor (Wayman & Stringfield, 2006). According to Wayman et 
al. (2016), effective data use in the school system requires understanding of interactions 
between educator actions, their beliefs and attitudes and organizational support 
affordances. Any PD aimed at helping educators use data to drive instruction is 
undermined if there is no understanding of how educators are currently using data. 
Wayman et al. (2016) further point out that it is not always clear whether these teacher 
actions with data, their attitudes, and supports are present and operating effectively. They 
conclude that it is important that district and school leaders have a method that assesses 
supports in a way that gives each educator a voice.  
The purpose of this study is, therefore, to seek to understand what data educators 
at different levels in the district’s PK-12 school system have access to and how they use 
those data to inform their practice, especially considering the factors that are known to 
greatly influence data use by educators. Such factors include, among others, teachers’ 
beliefs, and attitudes towards data, structural or organizational supports for data use, 
organizational leadership around data use, PD on data use and teacher data use practices. 





use framework will be treated in Chapter II (literature review), it is worthwhile to 
highlight the salience of these factors below.  
The importance of teacher attitudes and beliefs is extensively researched by many 
scholars. Brown, Lake, and Matters (2011) argue that rather than teachers needing more 
data literacy, as is often assumed, teachers need more persuasion towards a positive 
attitudinal disposition and belief that data use is informative, valid and effective. Datnow 
and Hubbard (2016) agree, arguing that teachers’ beliefs about and capacity for data use 
are the heart of the connection between data and instructional change. Datnow and 
Hubbard (2016) further underscore the important role of professional communities and 
the interactions between teachers, coaches, and principals in shaping and nurturing these 
beliefs and building the capacity for data use. According to Dunn et al. (2013, 2020 and 
Walker et al. (2018), teachers’ data use efficacy are undermined by anxiety such as 
worry, tension, and apprehension about engaging in collaborative data use activities. To 
ameliorate these anxieties and help build data use capacities among teachers, Farley-
Ripple and Buttram (2015) suggest using educators’ networks to facilitate social 
relationships among teachers. This finding is also supported by Halverson, Grigg, 
Prichett, and Thomas (2007) and U.S. Department of Education (2009, 2011) who point 
out that data use activities are group or team activities rather than individual activities. 
The capacity to use data is embedded in social interactions of the organization and beliefs 
and attitudes are shaped therein. Teacher beliefs around data use are also influenced by 
the level of trust teachers have in leaders and the atmosphere in which data activities are 
conducted (Datnow & Hubbard, 2016b; Marsh, 2012). Marsh reports that in interventions 





identity would be exposed and that district leaders would use the data for evaluative 
purposes. Datnow & Hubbard (2016) corroborate this and add that trust is slow to build if 
teachers fear that their data may be used against them or their students.  
Educators do well when organizational or structural supports help and guide them 
in the data use practices. One example of such support is external consultancy, such as 
the one given by Bocala and Boudett (2015), the Harvard University’s “Data Wise 
Improvement Process” in which university researchers support school and district teams 
in their work to improve instructional practice. This model of support is also reported by 
Datnow and Hubbard (2016), Ikemoto and Marsh (2007, and Schildkamp and Poortman 
(2015), with the latter researchers adding that the consultancy is best done at school sites.  
The other form of support researchers write about extensively is PD in data use 
for teachers. In light of the fact that extensive data use practice discourse is often lacking 
in teacher preparatory programs (Datnow & Hubbard, 2015; Mandinach & Jackson, 
2012), PD is the alternative model to prepare teachers to engage in effective data use 
practices (U.S. Department of Education, 2009, 2010). Well designed and sustained PD 
activities are needed to help teachers (Breiter & Light, 2006; Faria et al., 2014; Jimerson 
& Wayman, 2015; LaPointe et al., 2009; Marsh et al., 2015; Wayman, 2005). Marsh et al. 
(2015) lament that teachers, despite the increased access to student data, do not know 
how to use data to inform instruction; hence the need for increased professional learning 
opportunities.  
Leadership in data use efforts is covered prominently in the literature. The school 
principal is placed right at the center of this important institutional support. Levin and 





ascribes to the principal responsibilities to formulate goals that target the needs of the 
school and community, to establish structures that facilitate D3M, to build human and 
social capital and to create a climate of trust and collaboration and a culture of data use in 
the school. Reeves and Burt (2006) like to call the principal the data-based decision-
making ‘shaper’ and considering the data use needs of modern school, call on principals 
to be instructional leaders and change agents. According to U.S. Department of 
Education (2009, 2010), the principal can delegate all or some of the responsibilities to 
assistant principals, instructional coaches, data coaches or department leaders. Some 
principals are not effective in this role. Levin and Datnow (2012) attributes this 
ineffectiveness to either lack of data literacy, lack of active engagement or inadequate 
training. Grigsby and Vesey (2011) share the same view and report that less than half of 
the principal preparatory schools nationally prepare candidates to be data-driven decision 
makers. Reeves and Burt (2006) acknowledge, from their study, that principals expressed 
lack of training and understanding of how to use data. According to Mandinach, Honey, 
and Light (2006), many principals have not had adequate training in understanding, 
analyzing and interpreting data. 
As would be expected, districts across the nation are investing heavily in data 
management systems along with personnel training to use the technology (Hamilton et 
al., 2009; Schildkamp & Kuiper, 2010; U.S. Department of Education, 2009, 2010, 
2011). Marsh, Pane, and Hamilton (2006) recommend that the technology and data 
systems be user friendly to facilitate easy access to data, with appropriate options for 
organizing, summarizing, analyzing, and displaying the results. This would also increase 





Mandinach et al., 2005; Schildkamp & Kuiper, 2010). According to U.S. Department of 
Education (2010) common types of Electronic Student Data Systems include Student 
Management Systems, data warehouses, curriculum management systems, and 
assessment systems. Wayman (2005) and Wayman et al. (2012) agree and add that data 
warehousing and presentation systems provide access to historic data of all types and can 
be built in-house using local talent or purchased commercially.  
Other factors having an influence on data use by teachers include structured time 
for collaboration on data (Farley-Ripple & Buttram, 2015; Honig & Venkateswaran, 
2012; Marsh, 2012; U.S. Department of Education, 2010), such as teacher data 
competence skills that include data and assessment literacy among teachers (Mandinach 
et al., 2015; Schildkamp & Poortman, 2015; U.S. Department of Education, 2011). 
Schildkamp and Poortman (2015) argue that data literacy impacts an individual’s data use 
efficacy and Chick and Pierce (2013) suggest some minimum statistical literacy to 
include the ability to read the elementary aspects of statistical graphs such as labels and 
scales and to read data values as represented on the graph and making comparisons 
among them. 
 Based on the posited importance of the factors discussed above, the present study 
is a case study of one school district and seeks to investigate if the school district teachers 
access specific kinds and/or any other grade-level data commonly believed to be teacher-
accessible through the school or district data systems and how they use these data 
individually or collaboratively, to inform their instructional practices. The study also 
explores the district educators’ beliefs and attitudes towards data use in terms of 





and trust among data team members. In addition, the study also examines the educators’ 
perceptions of supports available to encourage a culture of effective data use. Such 
supports include but are not limited to availability of organizational supports such as data 
or instructional coaches and PD opportunities; perceptions of principal leadership on data 
culture; and availability of technology such as computer data systems and other tools to 
access and process data queries. Based on the findings, the researcher will make 
appropriate recommendations that may be useful in enabling systematic data use or to 
further improve the enculturation of data use as envisioned in the D3M framework.  
Research Questions 
The research seeks to answer the following two questions: 
1. What data do teachers use and how do teachers use them to support instructional 
decisions? 
2. Given the expectations for increased data use for instructional decision making, 
what effects, if any, do district teachers’ perceptions on the levels of 
organizational supports, their own attitudes, beliefs, and competence, and trust 
among data team members, have on their capacity to use data?  
The research questions above are adapted from and informed by the work of Wayman et 
al. (2016), whose Teacher Data Use Survey (TDUS) instrument will be adapted and used 
to collect data to inform this research. Table 1.1 shows mapping of the Research 




Table 1.1 D3M Components and the Scales That Measure the Construct 
CF Component  Scale RQ Scale Description TDUS Item 






1 Ask about actions teachers take 






1, 2 What activities collaborative 






in data use 
(CDU14)  
1, 2 Gather teacher perceptions 
about how good they are at 
using data to inform various 
aspects of their practice. 
 
14 





2 Gather perceptions of the value 






2 Ask about attitudes and beliefs 







2 About issues of trust and 
collegiality in working together 









2 Collect data about school level 








2 Information about principal 






2 Information about school level 
support through provisions for 
appropriate technology 
13a.–13e. 
     





Significance of the Study 
Many studies on school data use mainly focus on administrative data for school 
management, with less emphasis being given to the role of data in teachers’ instructional 
decision-making (Breiter & Light, 2006). Few studies have attempted to understand how 
teachers actually use assessment and other data to inform everyday classroom instruction 
and the factors that shape this process (Datnow & Hubbard, 2015). In their meta-analysis 
of research on data use by educators, Datnow and Hubbard (2015) found that only a 
handful of studies focused specifically on teacher capacity for and/or beliefs about data 
use. This lack of knowledge of what is really happening is not just limited to classroom 
level data. Coburn and Talbert (2006) argue that little is known about what professionals 
in different positions and at different levels of the district system see as valid evidence of 
student learning, how they believe evidence should be used, nor what they see as high-
quality research. Very little D3M reform has happened at the classroom level, and little 
research has explored variables that influence teacher adoption of D3M (Coburn & 
Talbert, 2006; Dunn et al., 2013; Gelderblom et al., 2016; Gummer & Mandinach, 2015; 
Light et al., 2005; Little, 2012; Marsh et al., 2015).  
In spite of increased calls for data use, there still is little research or policy 
guidance for how to build schools’ capacity to leverage data to improve teaching and 
learning (Farley-Ripple & Buttram, 2015). In their extensive report to the U.S. 
Department of Education, Means, Gallagher and Padilla (2007) conclude that little is 
known about the prevalence of D3M activities nationally or about the supports and 





Given the challenges and opportunities, this study aims to contribute to the 
growing body of knowledge on data use in PK-12 school system by collecting, analyzing, 
comparing findings to what is already known, and sharing the results and insights gained 
with district board members, stakeholders and other educators and educational research 
community. The results from the collected data on teacher data actions, teacher attitudes 
towards data use and organizational supports needed to enculturate systematic data use 
practices as modeled by D3M, will add to the existing body of evidence and knowledge 
about teacher data use to inform instructional decisions. Although the scope of this study 
is limited to one school district, the results and recommendations may be relevant and 
perhaps useful to similar educational entities, despite the limited generalizations that can 
be inferred from a limited study such as this one. It is certainly the hope of this researcher 
that this work and the resultant recommendations may be found relevant, useful, helpful, 
practical, and applicable to the efforts of the district in its endeavor to promote system-
wide data use by its teachers, to meet not only accountability requirements but richly 
inform and transform daily practices of classroom teachers to systematically meet the 
achievement targets for every student in the district. 
Assumptions, Limitations and Delimitations 
According to Spillane (2012) and Wayman (2005), policy makers seem to assume 
that using data to make instructional decisions is easy. This assumption is implicit in the 
mandate of the NCLB Act. However, scholars point out that data use practice to inform 
instructional decisions is a complex matter (Mandinach et al., 2006; Orland, 2015; 
Protheroe, 2001; Wayman et al., 2016). Effective data use requires interventions that help 





practice (Datnow & Hubbard, 2016; Donhost & Anfara Jr, 2010; Gelderblom et al., 2016; 
Gerzon, 2015; Gummer & Mandinach, 2015; Jimerson & Wayman, 2015; Mandinach et 
al., 2015; Marsh, 2012; Marsh et al., 2006; U.S. Department of Education, 2009, 2011). 
Such interventions may include interventions aimed at changing negative attitudes and 
beliefs (Datnow & Hubbard, 2016; Dunn et al., 2013; Farley-Ripple & Buttram, 2015; 
Gelderblom et al., 2016; Marsh, 2012; Remesal, 2011; Schildkamp & Poortman, 2015; 
Wayman et al., 2012). The practice of data use requires systematic support all the way 
from the state, to the school district, to the local school house leadership and on to the 
classroom teacher (Faria et al., 2014; Gill et al., 2014; Gottfried et al., 2011; Alice 
Huguet et al., 2014; Jimerson & Wayman, 2015; Lachat & Smith, 2005; LaPointe et al., 
2009; Levin & Datnow, 2012; Light et al., 2005; Marsh et al., 2015; U.S. Department of 
Education, 2007, 2009, 2010; Wayman, 2005; Wayman & Stringfield, 2006; Wohlstetter 
et al., 2008). This study is limited to an investigative case of one school district’s data use 
culture as it relates to D3M practices to improve student achievement. While the school 
district studied here may have similar structures and practices as some other school 
districts nationwide, the findings, may not necessarily be generalized to those other 
school districts and their teacher data use practices.  
Conclusion 
The assumptions implicit in the NCLB legislation, that large amounts of data 
from accountability measures will improve instructions and lead to higher student 
achievement, is not matched by the reality of educational practitioners’ experience 
(Marsh et al., 2015; Reeves & Burt, 2006). It may be true that educators are data-rich but 





literature indicates that educators do not always know how to use data to inform their 
practice. Part of the reason is that teacher preparatory programs tend to emphasize more 
assessment literacy and less data literacy even though data literacy emphasis would 
prepare educators to engage more with data and likely effectively use data in making 
instructional decisions (Mandinach, Friedman, and Gummer, 2015). School districts are 
at the forefront in efforts to equip teachers with knowledge and skills to use data not only 
for accountability but also for informing daily instructional decisions in the classroom 
(Hamilton et al., 2009; Schildkamp & Kuiper, 2010; U.S. Department of Education, 
2009, 2010, 2011). For school districts to provide appropriate infrastructural-, human-, 
technological-, and PD needs, inventory of current data use practices, educators’ attitudes 
and beliefs and existing supports needs to be taken. This information will help policy 
makers and administrators design and implement appropriate interventions. Once the 
planners have the information about their institutional data use needs, applying the D3M 
model intervention can help build or improve the data use capacity of the institution. The 








CHAPTER 2: LITERATURE REVIEW 
This chapter gives an overview of what research reveals about the use of data by 
educators at different levels. The literature review presented here looked at the kinds of 
data that district teachers use to make instructional decisions and the factors that promote 
or hinder data use practice. First is a look at what data is/are and an overview of the kinds 
of data educators at different levels, especially classroom teachers, are said to have access 
to and what they do with the data individually and collaboratively. Next, the research 
lens’ focus on educators’ attitudes and beliefs about working with data, particularly their 
sense of efficacy in data use and attitudes regarding data in general. This will be followed 
by a look at organizational structures that are known to influence educators’ efforts to use 
data. Examples of such supports found in the review include human capital investments 
in terms of personnel to support teachers in their data use endeavors, provision for PD in 
data use, leadership for data use agenda and computer data systems technology. Included 
in this section also is a look at other factors that seem to influence data use by educators, 
either positively or negatively. This section concludes by presenting the D3M conceptual 
framework that is informed by this literature review.  
Data Use in Education 
Educators at different levels of the school system use data to make decisions 
pertinent to their responsibilities at their assigned organizational level. From the 
classroom teacher to school administrators, to school district leaders, to the state 





decisions on a regular basis. Before an examination of what literature says about educator 
data use, it is logical to first present an understanding of what data is, in the context 
presented in this work.  
What are [is] Data?  
The oxford dictionaries define data as “facts and statistics collected together for 
reference or analysis.” Although this definition implies plurality, the term “data” is 
commonly used and accepted for both singularity (datum) or plurality (data) use (Data | 
Definition of Data in English by Oxford Dictionaries, n.d.). The present study makes no 
effort to distinguish between the plural and singular use of ‘data’. There is an 
overwhelming support for using data from multiple sources from the research work 
reviewed to inform this study (Donhost & Anfara Jr, 2010; Dunn et al., 2013; Halverson 
et al., 2007; Hamilton et al., 2009; Honig & Venkateswaran, 2012; Ikemoto & Marsh, 
2007; Jimerson & Wayman, 2015; Kerr et al., 2006; Light et al., 2005, 2004; Loeb, 2012; 
Mandinach et al., 2005; Mandinach et al., 2015; Mandinach et al., 2006; Marsh et al., 
2015, 2006; National Council of Teachers of Mathematics, 2014; Nelson & Eddy, 2008; 
Reeves & Burt, 2006; Schildkamp & Kuiper, 2010; Schildkamp & Poortman, 2015; 
Spillane, 2012; Supovitz & Klein, 2003; U.S. Department of Education, 2010). For this 
reason, the plurality form of ‘data’ is generally assumed, even when the singular verb 
form may be grammatically preferred.  
Just what constitutes these “facts” and “statistics” in the American PK-12 school 
system? Many educational researchers use the term data to include a broad range of 
collected facts and inferences about student backgrounds, performances, and 





A description of various data sources that teachers may have access to will be articulated 
in the next subsection: Data Sources. Gelderblom et al. (2016) and Schildkamp et al. 
(2017) refer to data as information or factual material, that represents or relates to some 
aspect of school’s functioning and its teachers and students’ learning outcomes, and that 
these data are systematically collected and organized. Hamilton et al. (2009) characterize 
data as empirical pieces of information that teachers can use to make some informed 
decisions about instruction or the organization they represent. According to Jimerson and 
Wayman (2015), data is any information that helps educators know more about their 
students and that this information can be codified. Data, in its raw form does not have 
meaning: it derives meaning by a transformational process that transforms it from data to 
information to knowledge, which the user subsequently uses to make a decision 
(Gummer & Mandinach, 2015; Jimerson & Wayman, 2015; Light et al., 2004; 
Schildkamp & Kuiper, 2010). Transformed data is a necessary ingredient for decision-
making (Gelderblom et al., 2016; Grigsby & Vesey, 2011; Gummer & Mandinach, 2015; 
Hamilton et al., 2009; Ikemoto & Marsh, 2007; Mandinach & Jackson, 2012; Marsh et 
al., 2006; Mertler, 2009; Schildkamp & Poortman, 2015). Tools afforded by technology 
enable the transformation of data.  
According to Light et al. (2004) the interaction between the educator and the 
technology tool with the data transformation process has an inverse relationship. In their 
depiction of this transformational continuum from data to knowledge, the interactional 
role of the tool decreases while that of the educator increases. This can be represented 







Figure 2.1 Teacher and Data Tech Tools’ Interactions in Data Transformations 
Note. Data transformation and the interactions of the tool and the educator with the 
process. Adapted from the work of Light, Wexler, & Heinze (2004, p.6). 
 
As the transformation process progresses from raw data to knowledge, the role of 
the tool (technology) diminishes while that of the educator increases. This is depicted by 
the direction of the arrows on both sides of the infographic. The reduction to a point at 
the end/beginning (vertex of the triangular depiction) does not mean that the tool 
becomes obsolete at knowledge level nor does it mean the educator has no role at the 
beginning of the data cycle. After all, the tool by itself does not know what constitutes 





knowledge generated from the processed data, and the educator needs to take advantage 
of the tool whenever it is expedient to do so. Human judgement is still needed to 
determine what counts as appropriate data for a given context. Similarly, tech tools may 
still be needed to present the results in easy-to-understand ways or to further act on the 
knowledge, such as reposing the gained knowledge or analyzing the result or impact of 
the decision. Education dashboards are an example of such technology (Michaeli et al., 
2020).  
The take away from this illustration is that a good data system and a 
knowledgeable teacher are essential complements for effective data use (Light et al., 
2004; Mandinach et al., 2006). Wayman and Stringfield (2006) recommend the use of the 
best data systems available whenever possible; however, simply having the best data 
systems in place without the requisite knowledge about data use practices and 
pedagogical practices is not enough (Datnow & Hubbard, 2016; Loeb, 2012; Marsh et al., 
2015; Schildkamp & Poortman, 2015). Even with the best available information about the 
present and the past, Loeb (2012) argues, the decisions about the future rely on judgments 
as well as knowledge.  
Gummer and Mandinach (2015) describe a complex multi-faceted framework, the 
interactions of which when understood, would greatly enhance an understanding of the 
construct ‘data literacy for teaching’. Among the many components in that framework are 
three interacting domains of data use for teaching, content knowledge and pedagogical 
content knowledge (PCK), as well as interactions with components of the data inquiry 
cycle which include identifying problems, framing questions, using data, transforming 





evaluating resulting outcomes from the decisions made. Shulman (1987) espouses the 
principles that make PCK a powerful disposition that every educator ought to strive for: 
evaluation and reflection to acquire a new comprehension. According to Shulman, the 
power of evaluation comes from using formative and summative data to provide useful 
feedback to the students. To effectively evaluate one’s own teaching, the content to be 
taught and the student’s cognition, the teacher must have a good knowledge of the subject 
content and the student’s conception or misconceptions. The teacher must also be able to 
reflect on the process and learn from the experience. According to Shulman the process 
of evaluating and reflecting brings the teacher to the construction of new comprehension 
of the process of teaching and learning, new nuances of the subject matter and of how 
students learn. Shulman (2013) also includes in the PCK repertoire, an understanding of 
what makes learning of certain topics easy or difficult for students at different 
developmental ages. With technology tools becoming more readily available, teachers 
can easily collect pre-lesson and post-lesson data proactively to help correct students 
misconceptions is any. Datnow et al. (2020) corroborates Shulman’s (1987) PCK 
advocacy and adds that teachers need to have PCK in order to provide useful feedback 
that improves student learning. 
According to Gummer and Mandinach (2015), PCK enables the teacher to 
effectively customize and adjust instruction by planning, modifying, or adapting as 
needed to meet the needs of the individual learners. Several other researchers agree. 
Dunn, Airola, Lo, and Garrison (2013) argue that a teacher needs to be pedagogically 
savvy to successfully use data to change student outcomes. According to NCTE 





development within the discipline and that of the pedagogies that support that 
development, the PCK, is a key element in effective use of formative assessment data. A 
study by Schildkamp and Poortman (2015) in some secondary schools in the Netherlands 
showed that PCK influenced the use of data in data teams. Thus, to be an effective data-
driven decision-maker, a teacher needs all three components: good data processing 
system (tool attribute), sound pedagogical content knowledge and data literacy (educator 
attributes). Before examining the interactions of these components, it helps to know what 
and where educators get the data they use.  
Data Sources for Educators  
Classroom teachers are at the crossroads of the D3M efforts, but just what data are 
they using and how are they using the data? This section presents an overview of what 
data educators are known to have access to and what they do or do not do with that data, 
as well as some known challenges educators face in data use efforts. There are two main 
broad categorizations of data used at the classroom level: student achievement and non-
achievement data. These will be examined next. 
Student Achievement Data 
Teachers are said to have access to a lot of data. In fact, it is commonly believed 
that teachers are inundated with so much data that they are overwhelmed to a point they 
do not know how to take advantage of it. Mandinach, Honey, and Light (2006) and 
Wayman (2005, p. 296) characterize this situation as teachers being “data-rich but 
information-poor”. It is commonly assumed (Bocala & Boudett, 2015) that standardized 
test data are what is referred to by ‘data’ in school improvement conversations. This is 





by far the greatest attention. This is understandable, given the emphasis accountability 
requirements place on this data set. Standardized test scores have a substantial weight 
factor in the consequential Adequate Yearly Progress (AYP) report. The AYP is part of 
No Child Left Behind, and is a determination of how well schools are performing 
academically, based on standardized tests (Mandinach & Jackson, 2012, p.12). For 
accountability purposes, this single source of data trumps all other sources to which 
teachers have access.  
Although standardized tests garner the most attention, there are other achievement 
assessments that would and should be used to fully inform decision makers as they make 
consequential decisions about schools, teachers and students (Supovitz & Klein, 2003). 
Supovitz and Klein (2003) suggest multi-source data use approach that uses achievement 
data from the three broad categories of assessments that they refer to as external, school-
wide, and individual teacher assessments. External assessments are the standardized tests, 
also known as accountability or state assessments. School-wide assessments include 
grade or subject level, common-, benchmark- and interim-assessments, that are collected 
and systematically analyzed and used to guide school- and teacher-decisions to improve 
instruction. Individual teacher assessments may include a variety of formative 
assessments (Schildkamp, 2019) such as teacher-made chapter or unit assessments, 
curriculum embedded formative assessments such as the short, ‘check for understanding’ 
questions typically included in the student textbooks by commercial publishers, 
portfolios, homework, and projects, as well as formal and informal observations of 





Wayman et al. (2016) identify the same categories as Supovitz and Klein (2003) 
but also add another category: periodic assessments which are commercially available 
and periodically administered. Some scholars like to view achievement measures as 
inherently informed by both formative and summative assessment data. Among these 
scholars are Black and Wiliam (1998), who wrote extensively about the importance of 
formative assessments in informing the teacher on how best to guide each student based 
on their individual needs. Other scholars highlight the emphasis given to summative 
assessments in the form of standardized tests and interim and benchmark assessments. 
According to Bocala and Boudett (2015) teachers’ initial assumptions about what forms 
of data are most important to examine are strongly influenced by the accountability 
pressures. They add that most people assume ‘data’ refer almost exclusively to these 
standardized metrics.  
While their study supports the use of standardized test data, Breiter and Light 
(2006) highlight the lack of diagnostic ability of these data as an limitation for usability 
in informing teachers’ instructional practice. Coburn and Talbert (2006) posit that the 
NCLB legislation privileges standardized test data. Datnow and Hubbard (2015) 
literature review on data use by teachers revealed that benchmark tests are routinely used 
by many teachers in accountability contexts, making benchmark assessments one of the 
most widely used types of data, besides state standardized assessment data. Datnow and 
Hubbard (2015) found that interim benchmark assessments are typically administered 
three times a year or more and are intended to enable teachers to gauge progress towards 





regularly than the ‘end-of-course tests’, although less regularly than the on-going minute 
by minute, daily classroom teacher mediated assessments (Andrade et al., 2012).  
Donhost and Anfara Jr (2010) adds that the use of interim and benchmark 
assessments has grown in response to the limitations of the state accountability tests. 
According to Donhost and Anfara Jr. (2010), such limitations include infrequency and the 
time it takes from test administration to reporting the results and their lack in providing 
student-specific learning profile that the teachers need to differentiate instruction. While 
acknowledging the important roles of both the summative and formative assessments, 
Even (2005) points to the increasing emphasis on the latter rather than the former, as was 
traditionally the practice. The main advantage of using frequent measures is that these 
multiple data points may yield patterns from which a student’s learning trajectory may be 
discerned. In examining the question of what makes evidence of student learning valid 
and useful, Coburn and Talbert (2006), report that over 80% of school principals in their 
study said that using ‘multiple measures of student outcomes’ was one way. Light et al. 
(2005), in their New York City public school system report, the ‘Grow Network Study’, 
reported that 77% of participating teachers in the study used multiple classroom 
assessment strategies ‘always’ or ‘often’. Formative assessments, typically mediated by 
the classroom teacher, provide data that teachers routinely use to inform the instructional 
decisions. These will be examined next. 
Formative Assessment ‘For Learning’ Data Supports Learning 
In contrast to assessment ‘of’ achievement as intended by standardized 
assessments, formative assessments are meant to assess ‘for’ learning (Stiggins & 





data. Many scholars acknowledge that teachers use some data to help them make some 
decisions that guide what they do in the classroom on a daily basis (Breiter & Light, 
2006; Gill et al., 2014; Marsh et al., 2006; Schildkamp & Kuiper, 2010; Supovitz & 
Klein, 2003; Wayman et al., 2012). According to Breiter and Light (2006) and Supovitz 
and Klein (2003), teachers use data to, among other things, target instruction, meet 
diverse learners’ needs, support discussions with peers, and to encourage students in self-
directed learning. Gill et al. (2014) report that classroom teachers use data primarily to 
assess the students’ needs, strengths, progress, and performance on important tasks and to 
develop and revise instruction based on data. According to Marsh et al. (2006), contrary 
to data expectations from the high stakes accountability tests, data needed to inform those 
‘just-in-time’ classroom decisions, does not come from standardized test scores, but 
rather from a variety of formative and summative assessment strategies frequently used in 
the classroom. Black and Wiliam (1998) are known protagonists for the use of formative 
assessments “for” learning. They hold that formative assessments are uniquely positioned 
to inform and transform classroom instructional practice more than the traditional 
practice of using the standardized tests. The infrequency of standardized tests and their 
emphasis on assessment “of” learning make them less effective for daily classroom 
decisions. Hamilton et al. (2009) defines summative assessment as a process that 
establishes what a student has or has not accomplished at the culmination of a unit of 
study.  
The philosophical distinction between assessment- “for” and assessment- “of” 
learning is important. Assessment “for” learning suggests some follow up action 





conclusive end. End-of-course examination programs (EOCEPs) reinforce this 
summative aspect of assessments. According to Chappuis and Stiggins (2002) and 
Stiggins and Chappuis (2006), classroom assessment should be “for” learning. They 
argue that testing once a year, like standardized tests tend to do, does not provide enough 
data to inform teachers to make timely instructional decisions. How does one describe a 
student’s learning trajectory using only one data point? Instead, in agreement with 
findings by Black and Wiliam (1998), Chappuis and Stiggins (2002) posit that formative 
assessments provide classroom teachers with the data they need to make timely decisions. 
The data points, gathered over time from multiple sources, can richly model a trajectory 
that tells a story and enables predictions of the student’s future performances perhaps 
more accurately than a single test score. These scholars claim that consistently applying 
the principles of formative assessment has yielded positive gains in terms of student 
achievement. 
Formative “Summative-Assessment” Data 
The foregoing paragraph is not intended to suggest that summative assessments 
are not useful. To the contrary, there is an overlap between formative and summative 
assessment. In fact whether an assessment is deemed one or the other depends on the use 
(NCTE Assessment Task Force, 2013). For this project, the researcher likes to take the 
interpretation of formative assessment that includes the periodic “summative” 
assessments that are common in most classroom practices. Such summative assessments 
may include a unit test or a performance task that comes midway or at the end of a unit of 
study but not necessarily at the end of the course of study. NCTE likes to call these ‘mini-





consistent with the broader definition of formative assessment (Marsh et al., 2006). Such 
unit tests are not considered a “final” evaluation of the student in the course. Rather they 
give a snapshot of a student’s achievement at a particular point in time, with the provision 
for the student to learn from the process (through feedback, tutoring, re-teaching by the 
teacher, or through self-study using feedback on the first attempt from the teacher) and 
correct the missteps in preparation for similar assessments in the future. Stiggins and 
Chappuis (2002) painstakingly make a distinction between the summative and formative 
assessments. They recommend that teachers use the classroom assessment process and 
results formatively (for learning) and summative assessment results summatively (of 
learning). They posit that summative is for informing someone beyond the classroom 
about the student’s achievement at a particular point in time. That someone could be a 
parent or a teacher who then uses that information ‘formatively” to consider a corrective 
intervention. If the intervention is successful, the student may perform better on the final 
course assessment, which in some cases may be the accountability test. A collection of 
these ‘mini-summative’ results over time gives a much more accurate representation of 
the student’s knowledge. Decision makers, therefore, need to use more data points to 
inform their decisions.  
Although student achievement data is important, other kinds of data should be 
taken into consideration when making decisions about students (Mandinach, Friedman, & 
Gummer, 2015). Mandinach, Friedman and Gummer (2015) emphasize the use of all 
types of data (assessment, school climate, behavioral, snapshot, longitudinal, moment-to-





learning achievement metrics through formal assessment is generally referred to as non-
achievement data. This often-underutilized type of data is discussed next.  
Student Non-Achievement Data 
Besides data from assessments, other environmental and contextual data 
considerations that have an impact on student learning outcomes need to be considered. 
While broadly defining data as information that is systematically collected and organized 
to represent some aspect of schools, Schildkamp, Poortman, Ebbeler, and Luyten (2014) 
are quick to point out that such data are not limited to student achievement data, but may 
also include any other form of structurally collected qualitative or quantitative data on the 
functioning of the school. According to Schildkamp et al. (2014), such data may include 
input data such as student background data, process data such as classroom observations 
and teacher interviews, context data such as information about the building and physical 
environment, and output data such as graduation and dropout rates and student-
satisfaction questionnaire data. Although characteristics such as these do not directly 
contribute to achievement metrics, they nonetheless play confounding variable effects 
that may, if examined, help explain the observed effects on achievement metrics. Non-
achievement data can be factored in the evaluation of the effectiveness of interventions 
and programs designed to improve schools and learning (Marsh et al., 2006). A non-
exhaustive list of terms included in ‘non-achievement’ data discussions in PK-12 school 
system include discipline and attendance records (e.g., daily attendance and tardies), 
student course enrollment histories (e.g., course completion information), surveys (e.g., 
parents, staff, community), behavioral records (e.g., counselor reports, referrals and 





plans (IEPs), 504s, student participation in educational programs (e.g., Title I, gifted and 
talented, special education, after school learning programs etc.), individual graduation 
plans (IGPs), graduation status (whether or not student graduated), school financial 
records, student demographics (e.g., race, grade level, gender, English proficiency, socio-
economic status, residency), teacher evaluations, the master schedule, and calendar 
information, teacher qualifications (e.g., certification, education), teacher PD (e.g., 
workshops attended, courses taken etc.) (Breiter & Light, 2006; Chick & Pierce, 2013; 
Datnow & Hubbard, 2015; Donhost & Anfara Jr, 2010; Hamilton et al., 2009; Marsh et 
al., 2006; U.S. Department of Education, 2010).  
Challenges with Standardized Assessment Data 
While researchers applaud unprecedented educators’ access to student data, 
thanks to the accessible power of data processing and management technologies such as 
data warehousing (Gottfried et al., 2011; LaPointe et al., 2009; Mandinach & Jackson, 
2012; Mandinach et al., 2006; U.S. Department of Education, 2010; Wayman, 2005; 
Wayman et al., 2012), data are also increasingly accessible almost anytime through 
online technologies (Breiter & Light, 2006; Ikemoto & Marsh, 2007; Kerr et al., 2006; 
Marsh et al., 2015). With increasing online access, not only teachers, but students and 
parents can also access and hopefully monitor their student’s progress through 
applications such as Parent Portal systems, an online service system that allows parents 
and guardians certain students’ records such as school grades. Parents and guardians may 
access information about all their students through one online account linked to their 





decision-making. So, it is imperative to examine the issue of data access as articulated by 
data use researchers. 
On a positive note, the accountability policies seek to make student data available 
to teachers so they can use them to inform their instructional decisions. The U.S. 
Department of Education (2007), reports that in 2005, nearly half of the teachers (48%) 
had access to an electronic data system that provides access to student data. That 
proportion went up to 74% in 2007 (U.S. Department of Education, 2009). While this is 
good news, the researchers are quick to point out, sadly, that the teachers did not 
necessarily have the information or tools they needed to take advantage of the data and 
use them to inform their practice. The same conclusion was drawn by Marsh et al. (2015), 
who concluded that teachers do not know how to use data to inform the ‘next-step’ 
instructionally, despite increased access to data. While advocates call for data use 
interventions beyond mere access to data, and while the fact that the proportion of 
teachers accessing some student data is on the rise is celebrated, data access is still a 
major concern for various reasons. Some of the challenges undermining increased access 
include lack of timeliness of data availability, complex data formats, and teacher 
perceptions of data accuracy, relevance, and quality. Each of these will be looked at 
below. 
Lack of Timeliness of Test Results 
Many scholars report that access to student data from standardized tests is still 
somewhat problematic, citing lack of timely availability of this data as one of the major 
concerns (Donhost & Anfara Jr, 2010; Farley-Ripple & Buttram, 2015; Ikemoto & 





Marsh et al., 2006; Reeves & Burt, 2006; Schildkamp & Kuiper, 2010; Supovitz & Klein, 
2003; U.S. Department of Education, 2010). Even in cases where access is provided, 
Wayman and Stringfield (2006) report that most educators lack efficient and flexible 
access to the data. As an example, data may only be available at certain times or from 
certain institutionally designated locations or require special access credentials. 
According to most of these researchers, educators decry the untimeliness of the test data, 
coming too late to instructionally benefit the cohort of students who took the test. 
Typically, state tests are administered once or twice a year: usually once a year in upper 
middle to high school grades, or twice a year for elementary school grades, once in the 
fall and then also in the spring. In South Carolina, state tests for high school subjects are 
usually referred to as ‘End-of-Course Examination Program’ (EOCEP) tests (SCDOE, 
2018). These tests are taken at the end of the course and are mostly summative. In South 
Carolina, the EOCEP is required for Algebra 1, English 1, Biology 1 and US History and 
the Constitution. Most of the students taking these tests are 9th graders or gifted students 
in upper middle school grades (grade 7 or 8) who tend to take advanced courses during 
middle school to earn high school credits. Data from these tests may be useful for 
placement in subsequent courses and for examining trends such as in longitudinal studies, 
but not practically useful to inform a classroom teacher’s instructional decision for day to 
day managing of the classroom. A complete list of different South Carolina state tests and 
a list of the tests used by case study school district are both provided in Appendix A.  
Problem with Some Data Formats 
Another concern related to accessing data has to do with the format of the data 





trying to access the student data from systems that store or report the data in formats not 
useful for teachers. Wayman (2005) agrees, noting that student data are often stored in 
forms that are difficult to manipulate. Kerr et al. (2006) point out that data need to be in 
user friendly formats. The U.S. Department of Education (2010) reports that the many 
formats in which this data exists present a data use obstacle for many educators. Reeves 
and Burt (2006) also report of teachers having issues with accessing data in forms that are 
not useful for their purposes. In some cases, the data reports are not disaggregated or 
aggregated enough to help the teacher target interventions to the individuals or groups of 
students who need help the most. Given that data literacy is generally lacking among 
many educators (Chick & Pierce, 2013; Ellen B. Mandinach & Gummer, 2013; Marsh, 
2012; Schildkamp & Kuiper, 2010; Schildkamp & Poortman, 2015), data reported in 
complex forms or formats that are less user friendly dissuades educators from engaging 
in sustainable data use practices.  
Teacher Perceptions of the Quality of Standardized Test Data 
There is a general perception among some educators that the data they are 
encouraged to use to inform their practice is questionable as far as quality, relevance, and 
accuracy of the data and validity of the decisions based on the data are concerned. The 
criticism of the quality of data is said to be linked to delays in getting the data they need, 
to misalignment with standards and with the schools’ instructional and to the fact that 
teachers only receive cross-sectional data rather than longitudinal data for the same set of 
students over time (U.S. Department of Education, 2010). According to Marsh et al. 
(2006), many educators are concerned about the validity of some data and subsequent 





educators’ worry about whether the test scores accurately reflect what the student knows. 
This is particularly worrisome if only a single test is used to decide with far reaching 
consequences, as is usually the practice with accountability assessments. These are 
typically administered once a year. Fears of misalignment of test and the curriculum, the 
singularity of the test, possible lack of seriousness by students when taking the test and 
many other possible factors affect the level of educators’ buy-in for data use 
enculturation. In their case studies of some Dutch schools in the Netherlands, Schildkamp 
and Poortman (2015) found that the perception of the quality and usefulness of data 
greatly influenced the use of data in data teams. Schildkamp and Kuiper (2010), 
emphasized the importance of the relevance of data to the question to be answered. They 
argue that multiple relevant data sources should be used to answer a question, instead of 
relying on just one source of data. Effective classroom teachers regularly use a variety of 
methods and tools to gather data about students’ learning. 
How Do Teachers Use the Data They Have Access to?  
What do teachers do with the data individually and collaboratively? The literature 
searches for how teachers actually and individually use data to make those decisions in 
the classroom did not yield much. This is not surprising, as some researchers point to the 
paucity of such knowledge in the data use knowledge base. This dearth is well 
documented in data use literature (Coburn & Turner, 2012; Datnow & Hubbard, 2015; 
Even, 2005; Faria et al., 2014; Gelderblom et al., 2016; Light et al., 2004; Little, 2012; 
Mandinach & Gummer, 2015; Schildkamp & Poortman, 2015; Schildkamp et al., 2017). 
What has been reported in the literature about how teachers actually use data to make 





Although there is limited knowledge of what individual teachers do with the data, a few 
studies from collective efforts by districts and schools offer insights into how some of the 
data is used.  
Data Used Mainly for Accountability Purposes 
In the National Educational Technology Trends Study (NETTS) survey involving 
1,039 school district technology directors and 2,509 teachers in the spring of 2007 – 2008 
school year, 35 of 36 case study schools reported examining whole grade or whole school 
data for school improvement purposes while examining individual student for class or 
services placement, including identifying “bubble kids” (those are students scoring within 
a range of five points above or below the cut off score on standardized tests (Light et al., 
2004)) to be instructionally targeted for improving the school’s AYP score (U.S. 
Department of Education, 2010). The same study reported that 83% reported examining 
data to better align content coverage with accountability tests, to decide what to reteach 
or to better group students. Only 47% of these schools reported examining data on 
different teachers or different teaching strategies to gain insights for improving how they 
teach. The study also reported that of the teachers who reported using student data system 
at least a few times a year, 68% used the data to report student progress to parents, 65% 
to track student scores, 65% to estimate whether students were making adequate progress, 
59% to track other measures, 55% to differentiate instruction for individual students, 44% 
to determine whether to move to next instructional unit, 44% to track standardized scores 
by grade, 43% to inform curriculum changes, 39% to evaluate promising classroom 
practice and 37% to inform student placement in special courses or services. The 





informing and improving classroom instructional delivery and learning. Less than half of 
the schools engaged in data use activities that sought to improve instructional strategies 
in the classroom. 
Other Common Uses of Data by Teachers 
Data accessible to educators include school-wide interim tests administered by 
grade-level, subject, benchmark, commercially provided unit assessments from 
curriculum providers, teacher-made assessments or performance tasks, observations and 
other non-achievement data (Schildkamp & Poortman, 2015; Supovitz & Klein, 2003). 
Researchers report that teachers do not rely on the high stakes’ achievement tests when it 
comes to using data to inform their daily instructional decisions. Instead, such data are 
mostly used to meet accountability demands (Coburn & Talbert, 2006; Datnow & 
Hubbard, 2015; Schildkamp et al., 2017; U.S. Department of Education, 2007). 
According to Schildkamp et al. (2017), Dutch schools have revealed that when teachers 
need data that help them meet learners needs, they generally turn to data other than those 
typically used in accountability measures. Researchers report that teachers use non-
accountability data to inform instruction, to group students, to plan and apply 
interventions to identified or targeted students or student groups, to support 
communication and conferences with parents, students and other teachers and 
administrators, to reflect on their own teaching practices, and to encourage student self-
directed learning (Schildkamp & Kuiper, 2010; Schildkamp et al., 2017; U.S. Department 
of Education, 2007, 2010; Wayman et al., 2012). However, details of how exactly 
teachers do this are lacking. The U.S. Department of Education (2007) report adds that 





According to Datnow and Hubbard (2015), Marsh et al. (2006), and Schildkamp and 
Kuiper (2010) some teachers use the data to identify and focus on “bubble kids.” By 
focusing on these students, the teachers hope to improve the proportion of students who 
meet or exceed the minimum test scores for each high stakes-achievement test.  
Collaboration around Data 
Collaboration around data has received more attention than individual teacher 
practice around data. Although data use activities are often done individually, they are 
better done collaboratively (Gelderblom et al., 2016). Farley-Ripple and Buttram (2015) 
argue that data use capacity is built in social contexts’ relations and networks, thanks to 
the social nature of data. They argue that capacity building is embedded in the social 
structure of the organization. Other researchers agree, and argue that effective data use 
stems from collaborative processes (Datnow et al., 2007; Kerr et al., 2006; Lachat & 
Smith, 2005; Schildkamp & Kuiper, 2010; U.S. Department of Education, 2009; 
Wayman & Stringfield, 2006). Wayman et al. (2016) argue that collaboration influences 
classroom data use. According to Schildkamp and Kuiper (2010), lack of teacher 
collaboration around data is a barrier to data use enculturation efforts. Teachers engage in 
meaning-making processes through individual, social and institutional interactions 
around data (Jimerson & Wayman, 2015). The role of social interactions in data use 
capacity building is also underscored by Little (2012) and Spillane (2012). Little (2012) 
accentuates the importance of the micro-level and on-the-ground interactions among 
teachers that contribute to organizational patterns. Spillane (2012) emphasizes the 
important role of organizational routines that must be examined to fully understand how 





building organizational data use capacity. The organizational contexts have a significant 
influence on how teachers individually and collectively conceptualize and implement 
data use for instructional decision-making (Coburn & Turner, 2012; Datnow & Hubbard, 
2016; Light et al., 2004; Mandinach et al., 2006). According to Schildkamp et al. (2017) 
teacher collaboration on data is one of the greatest of influencers on teachers’ data use in 
schools. Teacher collaborative data teams help build capacity for data use within an 
organization.  
Data Teams Promote Institutional Data Use Culture 
Hamilton et al. (2009) describe data teams as groups of teachers at a school, who 
come together to analyze data and help one another use data effectively. According to 
these scholars, such teams often include the principal, instructional leaders, and other 
teachers. Schildkamp and Poortman (2015) add that the data team follows a structured 
approach and is usually led by an outsider facilitator such a consultant from a local 
university. Data teams encourage the use of data in schools. In fact, Gerzon (2015) 
encourages the creation of data teams as part of a professional learning intervention to 
building a data use culture. Schildkamp and Kuiper (2010) and Schildkamp and 
Poortman (2015) agree and advocate for the provision of PD opportunities that utilize 
collaborative data teams. Mandinach and Gummer (2015) list data team as an essential 
component to data enculturation. Individually or collaboratively, teachers’ data use 
practices are greatly influenced by timely access to data (Ikemoto & Marsh, 2007; Kerr et 
al., 2006) and by the teacher’s own teaching style and pedagogy (Light et al., 2004). The 
easier it is for teachers to access the data they need, the more likely they are to be 





opportunities infused with sound pedagogical practices help teachers develop the habits 
of mind that are amenable to productive data use practices (Bocala & Boudett, 2015). 
Data Use at Levels Higher Than the School  
According to Wayman et al. (2012), principals and other school administrators 
use student- and building- level data to make policy decisions and to support teachers’ 
instructional decision-making. Similar studies in the Netherlands corroborate this 
assertion (Schildkamp & Poortman, 2015). Schildkamp et al. (2017) adds that in Dutch 
schools, data is also used to celebrate faculty and student accomplishments. In the US, 
district level administrators may use data to evaluate programs offered by the school 
district, and/or to evaluate principals’ and teachers’ performances (USDOE, 2009). Like 
Supovitz and Klein (2003), and from their Grow Network Report, Breiter and Light 
(2006) note that administrators use data for organizational decision-making. Such 
decisions may include identifying areas of need and targeting resources to those areas, 
planning, supporting conversations, and shaping PD needs for school staff and faculty. 
Gill et al. (2014) write that school administrators use data to assess needs, strengths, 
progress, and performances of both the staff and students, and to develop and revise 
school improvement plans, targets, and goals and to monitor the implementation of 
school programs, practices, and policies. They also claim that school districts’ 
superintendents, school boards, district staff, charter management organization leaders 
and charter authorizers use data in ways like those of school administrators, but with 
added emphasis on developing and revising district curriculum guides and standards. As 
for the states’ education agencies, Gill et al. asserts that they have an even bigger scope 





levels, overall and disaggregated by subgroups, statewide and by school/district. 
According to Gill et al. (2014), the state monitors and reports measures of school 
performances, measures of teacher value-added, monitoring human capital and pipeline, 
evaluating program implementation and impacts, and developing and revising state 
standards, curricula, and goals.  
Factors That Influence Data Use  
While some data use interventions by educators have shown some positive results, 
the practice is still riddled with challenges that limit the scope and enculturation efforts 
for data practice in PK-12 school system nationwide. There are some recurring themes 
that seem to impact data use agenda in persistent ways. Some of the factors enumerated 
in the literature review include:  
• teachers’ lack of data literacy skills,  
• lack of strong leadership and clear vision for data use,  
• inadequate data systems technology and infrastructures,  
• lack of effective PD,  
• inadequate support for data use efforts, and  
• unproductive teacher attitudes and beliefs about data use.  
These factors will now be examined, along with what researchers recommend for 
mitigating against some of the factors’ negative impact on data use efforts.  
Lack of Data Literacy Skills  
Data literary is generally defined in terms of the skill set that is required to be able 
to process data. These skills include but are not limited to understanding, collecting, 





and using data (Gummer & Mandinach, 2015; Hamilton et al., 2009; Levin & Datnow, 
2012; Mandinach & Gummer, 2015, 2013). The U.S. Department of Education (2011) 
lists five key components found to be essential for data literary and data use as: data 
location, data comprehension, data interpretation, instructional decision-making, and 
question posing. In pointing out the difference between assessment literacy and data 
literacy, Mandinach et al. (2015) found that schools of education and state educator 
licensure authorities emphasize more of the former than the latter, in their teacher 
preparation and credentialing documentations. The result is that teachers are less prepared 
to engage in meaningful data use endeavors, which requires data literacy. Mandinach and 
Gummer (2013), Marsh (2012), Schildkamp and Kuiper (2010) and Schildkamp and 
Poortman (2015) report that lack of data literacy skills is a serious impediment to data use 
for decision-making. Schildkamp and Poortman (2015) argue that data literacy impacts 
the individual teacher’s data use efficacy and that individual and team data literacy 
influence the use of data in data teams. According to the U.S. Department of Education 
(2009), teachers seems to be able to locate the data they want within complex tables or 
graphs but often lack other data literacy skills.  
In their investigation of statistical literacy necessary to interpret the graphical 
presentations of school assessment data for the Australian NAPLAN (National 
Assessment Program – Literacy and Numeracy) testing process, Chick and Pierce (2013), 
concluded that it is important that a basic level of professional statistical literacy be 
included in a teacher pre-service education. This is especially true for school leaders, who 
are assumed to be data use advocates. Levin and Datnow (2012) attribute principals’ 





supposed to articulate the agenda and set an example for data use. According to 
Schildkamp et al. (2019) school leaders wanting to successfully build a sustainable data 
culture need to establish a data vision, practice norms and goals, support for individuals, 
stimulation, inviting climate for data use and provide for networking to connect all parts 
of the school organization. Unfortunately, lack of data literacy skills on the part of school 
leaders leads to another problem cited in the literature, that of leadership. Lack of 
visionary and exemplary leadership in data is one of the barriers reported in data use 
literature. 
Data Use Leadership  
Principals, as school/building leaders, play a pivotal role in facilitating data use 
(Datnow & Hubbard, 2016; Halverson et al., 2007; Marsh, 2012; Park et al., 2013; 
Schildkamp & Poortman, 2015). The centrality of the school leader’s role in mapping a 
progressive data use agenda is evident in the literature reviewed. By virtue of the political 
power they wield, school leaders influence teachers’ buy-in of data use efforts (Datnow 
& Hubbard, 2016). In tandem with 21st century technological skills needed, Halverson et 
al. (2007), suggest that new instructional leadership is needed? When school leadership 
develops and nurtures educator networks, organizational capacity for data use is greatly 
enhanced (Farley-Ripple & Buttram, 2015; Hamilton et al., 2009; Honig & 
Venkateswaran, 2012; Supovitz & Klein, 2003; Wayman, 2005). According to Ikemoto 
and Marsh (2007), Light et al. (2004) and Mandinach et al. (2006) if the educators 
experience visionary school leadership for data use, they are greatly influenced to engage 
in data use. Kerr et al. (2006) and Lachat and Smith (2005) characterize the required 





committed to data use and committed to building a strong data use culture in their 
schools. Levin and Datnow (2012) describe the school principal as an agent in the D3M 
reform and portrays this role as a critical one. Little (2012) underscores the role that 
leadership plays in the data use agenda. Leadership frames and focuses the conversation 
on data, while fostering collaboration and showing how the sense making that transpires 
around data is collectively co-constructed and constrained by the collective expertise 
available in the group (Little, 2012). According to Park et al. (2013), framing the data use 
agenda is an important leadership tactic that requires careful consideration when data 
reforms are being introduced and implemented. Reeves and Burt (2006) describe the 
school principal as the ‘shaper’ of data-based decision-making and as a change agent who 
is committed to shared leadership and relentless about continuous improvement. It can be 
inferred is clear from these accounts that lack of effective leadership in data reform does 
impede data use efforts. 
Technology Tools and Technical Support  
Technology in the form of software and hardware are important components of 
data use efforts. However, technology by itself is not enough if the human users lack the 
requisite skills or capacity to take advantage of vast amounts of available data and use 
them to solve problems. This section looks at some supports that are needed to build the 
human capacity to take advantage of available data and use them to design effective 
interventions that may result in greater student achievements in PK-12 school system. 
Having appropriate tools and mitigating against known technology challenges are some 





Support Though Technology Tools 
 Although the practice of using data to make decisions is not new (Mandinach, 
2012), some researchers argue that the ubiquity of information technology has helped 
push the agenda for data use in education to the forefront (Breiter & Light, 2006; Datnow 
& Hubbard, 2015; Ediger, 2003). Datnow and Hubbard (2015) point to the growing 
availability of information technology while Ediger (2003) refers to the wide access to 
computer technology as factors that compel policy makers to urge educators to use data 
to inform their practice. In legislating for data use in education, according to Orland 
(2015), policy makers are spurred by, among other things, technology breakthroughs that 
make technology accessible, affordable and portable. Chick and Pierce (2013) write of 
the “technology revolution” facilitating data processing and sharing. As a result of these 
advancements in information technology, schools and other educational entities are 
investing heavily in information systems and related tools (Faria et al., 2014; Halverson 
et al., 2007). The availability of technological tools increases the human capacity to 
handle large data sets (Mandinach et al., 2005; Mandinach & Jackson, 2012). According 
to Light et al. (2004) and Mandinach et al. (2006) data technology shapes the data 
transformation process from raw data to information to knowledge. In fact, Hamilton et 
al. (2009) say that the D3M in education is closely tied to educational technology. Light 
et al. (2005) report that in some cases, the digital technology has increased access to data 
and made data access timelier to use in near real time.  
Common electronic data systems found in schools and school districts include 
student information system, data warehousing and presentation systems, curriculum 





Wayman, 2005; Wayman et al., 2012). According to U.S. Department of Education 
(2010), virtually all schools districts surveyed in the nationally representative sample (> 
99%) in 2007 reported having a student information system in place, while 79% reported 
an assessment system in place, 77% reported a data warehouse system implemented and 
64% had an instructional/curriculum management system in place. Popular systems 
reported in the survey include: Penatamation, SASI, PowerSchool, AERIES, STI and 
others that can be used both as student information systems as well as data warehousing 
systems U.S. Department of Education (2010). Popular instructional or curriculum 
management systems include Edusoft, Moodle, SchoolNet, Blackboard, Curriculum 
Mapper, and others, while reported assessment systems include Edusoft, AEIS IT, 
DataDirector, DIBELS and NWEA. Notwithstanding the promises of these technology 
affordances, scholars point out some common challenges associated with technology 
tools in data use. 
Some Technology Challenges 
Literature review revealed that lack of or limited technology infrastructure in 
schools and school districts is still a challenge in some schools (Coburn & Talbert, 2006; 
Gerzon, 2015). Reeves and Burt (2006) report inadequate technology to process data. 
According to Donhost and Anfara Jr (2010), lack of funding for expanding use and 
capabilities of technology tools to process data, along with shortage of support staff for 
technology use, present real challenges. In some cases where data systems and 
technology are available, it has been noted that some teachers, being less savvy at 
technology, are intimidated or challenged by some of the data systems’ technology 





Education (2009, 2010) reports suggest that teachers need the right tools for generating 
actionable data as well as tools for acting on the data. Thus, correct tools for processing 
data are an essential component of the framework that seeks to enculturate data use for 
instructional improvements. Tech tools needed to process school data are closely tied to 
the organizational capacity for data use. The needs for each school or district are 
different. Even in cases where resources may be available, selecting the right technology 
may still be a challenge as no one data system will meet the data needs of every situation. 
According to Marsh (2012), characteristics of a good system/tool include its ability to 
make data easily accessible, having short feedback loop time, and its ability to present 
information in easily comprehensible ways for teachers. Marsh (2012) adds that an 
institutional inquiry protocol outlining a process for identifying the problem, collecting, 
organizing, analyzing, and acting on the student data is needed. The importance of the 
right tools for the job is underscored by an earlier report by the U.S. Department of 
Education (2009) which noted that despite the increase in reported teacher access to 
student data systems from 48% in 2005 to 74% in 2007, the data systems were said to fall 
short when it comes to tools that could support teachers in making instructional decisions. 
One such shortfall was that the reports generated from the data were often not detailed 
enough to inform the teacher about individual students’ strengths and weaknesses. The 
importance of appropriate technological infrastructure was also reported by Doğan & 
Demirbolat (2021), whose study using exploratory factor analysis revealed the 






Although data coaches provide some expert advice to teachers (Huguet et al., 
2014), this expertise is usually more pedagogical than technical. Technical expertise in 
data systems, networks and/or databases is needed to support school staff to access data 
(Mandinach et al., 2005; Marsh et al., 2006; U.S. Department of Education, 2010), but is 
often lacking and is known to be a barrier to data use (Coburn et al., 2009; Donhost & 
Anfara Jr, 2010; Mandinach et al., 2006). According to Hamilton et al. (2009), it is 
recommended that a district develop and maintain a districtwide data system that employs 
among other stakeholders, external vendors with technical expertise. Gill et al. (2014) 
echoes the same sentiments, contending that producing relevant and diagnostic data 
analysis requires strong analytic capacity, especially in local solutions where an in-house 
data warehouse unit is created, so that data teams that manage these systems may include 
some technical expertise for support on technical issues that may arise. Gill et al. (2014) 
go on to recommend the establishment of external technical assistance contracts for 
activities beyond the scope of local capacity. This recommendation is especially 
necessary if the data systems were bought from external suppliers as opposed to ones 
built in-house (Hamilton et al., 2009). In some cases, institutions can grow their own 
expertise through targeted PD, which factor is discussed next.  
Professional Development  
From the literature review on human support interventions for in-service teachers, 
PD are the most commonly referred form of human support intervention for data use 
(Honig & Venkateswaran, 2012). Farley-Ripple and Buttram (2015) and Hamilton et al. 





this form of support. Bocala and Boudett (2015), underscore the importance of this form 
of data use support when they argue for a tripartite effort that brings together resources of 
higher education institutions, the instructional capacity of PD providers and the authentic 
experience of school-based practitioners. Such PD must be well planned, targeted for 
specific users such as classroom teachers and administrators, and sustained and ongoing, 
according to Breiter and Light (2006), Dunn et al. (2013), Hamilton et al. (2009) and Lai 
et al. (2009). Marsh (2012) reports a nationally representative survey that indicated that 
90% of the school districts provided PD to staff to enhance data use capacity. The U.S. 
Department of Education (2009) encourages PD to be presented district-wide and 
suggests that they be offered as a prerequisite to systemic D3M efforts. While PD are 
highly recommended, research suggests use of data in schools is encouraged more by 
colleagues and data coaches working and interacting in teams and professional learning 
communities (PLCs) than by PD alone (U.S. Department of Education, 2010).  
Even though technology is an indispensable tool for data use, tools in themselves 
do not translate to data use; educators must be educated to effectively use the tools to 
inform their practice. The challenge is to find and provide appropriate and effective PD 
opportunities for in-service teachers and to include data literacy courses in preservice 
teacher programs in schools of education nationwide. Unless educators know how to use 
the tools available to process, act on and share information to create a knowledge base, 
educators may still remain proverbially “data-rich “ but “information-poor” (Mandinach 
et al., 2006; Wayman, 2005). There is no question as to the need of PD (PD) for data use 
for educators. According to Breiter and Light (2006) and LaPointe et al. (2009), 





training on how to interpret data and how to translate data into changes in instructional 
practices (U.S. Department of Education, 2009). Datnow and Hubbard (2016) claim that 
PD on data use does influence data use by teachers. Since assessment provides the most 
commonly used data by educators, the authors argue that PD on assessment is essential 
and that educators need to know how to translate assessment information into information 
that informs decisions on instructional practices. Wayman et al. (2012) put it well when 
they suggest that PD ought to combine data literacy with assessment literacy. Mandinach 
et al. (2006) argue that PD on data use and understanding of data and training on the tools 
used to process data are needed. A number of researchers on data use by teachers 
conjecture that teachers have had very little PD to help them understand data or 
instructional pedagogy based on data (Datnow & Hubbard, 2016; Dunn et al., 2013; 
Jimerson & Wayman, 2015; Kerr et al., 2006; Mandinach & Gummer, 2013; U.S. 
Department of Education, 2011).  
One reason why teachers do not often receive PD on data use is a general scarcity 
of resources for PD addressing data use needs for educators (U.S. Department of 
Education, 2009, 2010). Hamilton et al. (2009) write that it is generally hard to find PD 
that meet specific needs of educators in various settings. Effective PD are those that are 
based on identified local needs (Schildkamp et al., 2017). Another reason, according to 
Mandinach and Gummer (2013) and Mandinach et al. (2015), is the little emphasis to 
D3M in curricula for teacher preparation programs by schools of education nationwide. In 
a study by Reeves and Burt (2006) principals expressed lack of training and 
understanding of how to analyze and use data from their university administrator-





data use. Other researchers corroborate this recommendation and suggest strategic 
partnerships with universities preparing teachers to engage these candidates in more in-
depth data practices (Bocala & Boudett, 2015; Datnow & Hubbard, 2016; Grigsby & 
Vesey, 2011; Mandinach & Gummer, 2015; Mandinach & Jackson, 2012; Schildkamp & 
Poortman, 2015). An example of such a partnership, given by Bocala and Boudett (2015), 
is the Data Wise Project at the Harvard Graduate School of Education, from which the 
authors conclude that to support all educators in data use endeavors, there must be close 
collaboration between institutions of higher learning, PD providers and classroom 
practitioners. 
Hence, research suggests that appropriate and effective PD interventions are 
needed to move the data enculturation agenda forward. Given that there is little training 
on data use for teachers graduating from schools of education, and the rampant classroom 
teacher shortages across the nation, targeted PD may offer the best possible intervention 
to promote data use in the schools. Gelderblom et al. (2016), Marsh et al. (2015) and 
Schildkamp and Poortman (2015) articulate the need for PD interventions on data use. 
Such interventions should include data literacy, assessment literacy and technical skills in 
using data systems and technological tools to collect, process, and use the information 
gained to make well-informed decisions and answer questions. Based on their Grow 
Project study, Light et al. (2004) suggest that once the PD has empowered educators to 
use the D3M process’ capability to transform data to knowledge, the focus of the PD 





Other Supports - Data-Use Interventions Domains of Action  
In a comprehensive synthesis from literature review that examined the 
interventions aimed at supporting educators’ use of data, Marsh (2012) came up with five 
domains of action under which these interventions could be categorized: (1) human 
support actions, (2) technology support actions, (3) data production actions, (4) 
accountability and incentives actions, and (5) norms and expectations actions. The 
technology/tools intervention has already been discussed above. The remaining ones are 
the subjects of this section. 
Human Support 
According to Marsh (2012), human support intervention includes PD, coaching, 
tools for collecting and analyzing data, and technical expertise through external 
consultants and networking and brokering. PD, tools, and technical expertise have 
already been discussed above. 
Coaching 
Another form of human support intervention for data use is through coaching. 
Instructional coaches include data coaches, literacy coaches and lead teachers. Marsh 
(2012) reported that 50% of districts provide data coaching positions in their schools. 
These positions are increasingly being used in schools (Faria et al., 2014; Huguet et al., 
2014; Lachat & Smith, 2005; Marsh et al., 2015, 2006; Martin & Taylor, 2009; Scheer & 
Visscher, 2016; U.S. Department of Education, 2009, 2010). According to Huguet et al. 
(2014), these coaches employ practices that encourage teacher data use by assessing their 
needs, modeling data use, observing without judging teachers, providing feedback, and 





organizational skills as well as expert content knowledge. Huguet et al. (2014) call 
coaches “potential lifeline” to building teacher capacity for data use. It works better if 
these coaches are instructionally embedded on-site and have opportunities to interact in 
smaller group settings, with opportunities for one-on-one interactions with the coaches 
(Martin & Taylor, 2009; van der Sheer & Visscher, 2016). Farley-Ripple and Buttram 
(2015) encourages the use of coaches, positing that teachers are more likely to seek 
advice from those with formal instructional leadership positions. In their study, Marsh et 
al. (2015) found that coaches played important roles in mediating teachers’ responses to 
data and were instrumental in some teachers using data to alter their instructional 
strategies. U.S. Department of Education (2009) reported that providing school level data 
coaches is an important support for promoting use of data to inform instructional practice. 
According to Marsh et al. (2015), such coaches and the professional learning 
communities they facilitated, exhibited a dynamic relationship between vertical expertise 
(content) and horizontal expertise (social). According to Tschannen-Moran and 
McMaster (as cited in van der Sheer and Visscher, 2016), the inclusion of coaching in a 
PD program led to increased efficacy of primary school teachers. At the school level, the 
chief coach is the principal of the school (P. L. Reeves & Burt, 2006). In the literature, 
this role is discussed under leadership. Although the impact on support for data use 
through this role could be described in this section, the emphasis given to the importance 
of this role in the literature warrants a separate section treatment of this central role (See 






Network and brokering involves an establishment a research center that links 
schools’ data teams with external resources and needed support to address any issues or 
needs arising from data analysis (Marsh, 2012). 
Data Production Support 
Data production support refers to efforts to fill a void left by accountability tests. 
This support comes in the form of other more frequent data collections such as from 
interim, benchmarks or other formative assessments that support teachers’ instructional 
decisions more frequently than standardized data alone. State tests are far apart and are 
infrequent enough that teachers do not rely on them to make daily instructional decisions. 
In fact, teachers are known to view state tests as not useful (Datnow & Hubbard, 2016; 
Ediger, 2003; Light et al., 2005; Supovitz & Klein, 2003). Supovitz and Klein (2003) 
write that districts commonly supplement state tests with other assessments because the 
state test results provide limited information and are not turned in fast enough to be 
useful to teachers for needed daily instructional decisions. Thus, other forms or types of 
data besides the state test data are needed as teachers often questions the accuracy of state 
tests in measuring students’ academic abilities, life skills needed to succeed as well as 
cultural sensitivities or insensitivities associated with standardized tests (Light et al., 
2005). Like many other data use scholars, Ediger (2003) is critical of the use of a single 
test in gauging student achievement. Teachers need to be supported in using other forms 





Accountability and Incentives  
Accountability and incentives support reward schools and educators for achieving 
desired goals and targets. Scholars note accountability requirements’ leverage influence 
on teachers’ data use (Coburn & Talbert, 2006; Datnow & Hubbard, 2015, 2016; 
Hamilton et al., 2009; Ikemoto & Marsh, 2007; Kerr et al., 2006; Mandinach et al., 2006; 
Orland, 2015; Schildkamp & Kuiper, 2010; Schildkamp et al., 2017; U.S. Department of 
Education, 2007, 2010). However, Marsh (2012) reports findings from studies about the 
role of accountability in promoting data use as mixed, with some studies reporting 
tensions between providing pressure versus support. Orland refers to the leverage by the 
accountability requirements as a two pronged “incentivizing approach”. One prong is the 
“soft” accountability approach that uses “naming and shaming” of educational 
institutions by demanding that they publicize their performance metrics for anyone to see. 
Receiving Title 1 funds is tied to making these metrics public. Title 1 is a school wide 
federal program in which schools with large concentrations of low-income students will 
receive supplemental funds to assist in meeting student's educational goals. The other 
prong meant to force schools to improve (data use implied) is the “hard” accountability 
approach. In this approach, major consequences are stipulated for failure to meet certain 
data metrics on performances. Unintended consequences, for example, have been schools 
spending more instructional time (taking away from other subject areas) on mathematics 
and reading to meet the AYP targets in these subject areas. Other consequences include 
identifying ineffective teachers through students’ performance data, reconstitution, or 
takeover of the schools by the state, and issuance of school vouchers for students in 





Depending on what the incentives are and how they are implemented, support from 
accountability mechanisms and incentives can produce different results. Wohlstetter et al. 
(2008) recommends districts to carefully create incentives for data use so that teachers 
behave in ways valued by the school and the central organization. 
Norms and Expectations  
Expectations’ and norms’ support come in the form of state and or district 
expectations for data use in decisions on school improvement plans. Teachers will 
attempt to use data if they are expected to, as part of the protocol for the organizational 
routine expectation. Little (2012) posits that the work of teaching is changing and one 
way it is changing is through “the expectation that teachers engage publicly, collectively 
and ‘accountably’ with evidence of student achievement and attainment.” Little (2012) 
contends that data use practice, which she defines as “micro-process studies” in schools 
and school districts, is escalating and is shaped by and constitutive of organizational 
structures, norms, and resources as well as broader institutional and societal structures, 
processes, and logics. Little (2012) adds that relational trust and professional norms do 
matter. According to Farley-Ripple and Buttram (2015), capacity for data use is 
embedded in social settings of the organization through the development of norms and 
expectations such as trust, focus on student learning, shared values, de-privatized practice 
and reflective dialogue. Schildkamp and Kuiper (2010) write of norms and goals as 
enablers for data use. Strong learning communities embrace and use norms and 
expectations as vehicles for achieving this. The culture of an organization influences data 
use practices (Honig & Venkateswaran, 2012; Ikemoto & Marsh, 2007; Lachat & Smith, 





are the building blocks of a data culture. They are defined by Hamilton et al. (2009) as 
follows:  
The data culture is a learning environment within a school or district that includes 
attitudes, values, goals, norms of behaviors and practices, accompanied by an 
explicit vision for data use by leadership, that characterize a group’s appreciation 
for the importance and power that data can bring to the decision-making process. 
(p. 46) 
Principals are particularly poised to play a critical role in setting data use 
expectations and an atmosphere of trust and collaboration among staff (Levin & Datnow, 
2012). In the districts studied by Levin and Datnow (2012), analyzing school data to 
improve instructional decision-making was non-negotiable and the expectation was that 
decisions would be made based on data. In such cases, some teachers tend to resist what 
seems to them like mandates. Effective principal leadership in bringing together their 
own actions, the goals, and teacher and student actions is essential, especially in dealing 
with cases where implementation is viewed as mandatory. 
Teacher Attitudes and Beliefs 
As previously mentioned in this document, the importance of teacher attitudes and 
beliefs is well researched by many scholars (Brown et al., 2011; Farley-Ripple & 
Buttram, 2015; Glennie et al., 2017; Mandinach et al., 2015; Remesal, 2011; Schildkamp 
& Kuiper, 2010). Datnow and Hubbard (2016) describe extensively the role that teacher 
beliefs and attitudes play in data use efforts. Their work suggests that beliefs about 
assessment, teaching and learning, shape a teacher’s data use practices. According to 





and their capacity for using data. They contend that these beliefs are fueled by trust and 
external policy demands. Reeves and Burt (2006) report of teachers and students not 
taking tests seriously because everybody is ‘exhausted’ from (too much) testing. In the 
scenario they describe, teachers use students’ attitudes (not taking tests seriously and 
therefore responding to test items with a ‘whatever’ attitude) as an excuse and then 
project their own attitudes on the students. Writing about practices that support data use 
in urban high schools, Lachat and Smith (2005) conclude that it takes changing school 
staff attitudes towards applying appropriate interventions for students based on data.  
Emphasizing the importance of trust, Marsh (2012) reveals that teachers 
disengage in data discourse when they fear that their personal identity would be revealed 
in data discussions or when they are afraid that the district leaders would use the data for 
evaluative purposes. Lack of capacity to use data, and negative beliefs about data and 
concerns about accountability requirements negatively impact efforts to use data for 
instruction. A nonthreatening atmosphere of trust, confidential and no evaluative data 
discussions will help build capacity for data in the school. According to Datnow & 
Hubbard (2016), data capacity building needs to address teacher attitudes and beliefs and 
to decouple external accountability demands from data use. Such an environment, 
according to Dunn et al. (2013), builds the teacher’s D3M efficacy by mitigating the 
teacher’s anxiety and concerns. Dunn et al. (2013) claim that efficacy is a powerful 
predictor of teacher actions regarding use of data. Wayman et al. (2012, 2016) also 
conclude that teachers’ actions on data are influenced by attitudes towards data. They 
report positive educator attitudes towards data in contexts that support a culture of data 





computer systems, lack of time provisions to reflect on data, and the labor-intensiveness 
of using data (Wayman et a., 2012). They posit that positive attitudes towards using data 
is a prerequisite for data use culture in an organization (Wayman et al. 2016).  
Given that data use is situated in social interactions, data teams are an effective 
way of enculturating data use. According to Schildkamp and Poortman (2015), individual 
and data team characteristics are strong factors that influence data use in data teams. 
These characteristics are manifest in the individual teachers’ and teams’ attitudes and 
beliefs. A negative attitude towards data use poses a challenge for data focused reform 
(Gelderblom et al., 2016; Jimerson & Wayman, 2015). Effective capacity building for 
data use would, therefore, need to prioritize evaluating and addressing teachers’ beliefs, 
according to Datnow and Hubbard (2016). Desimone (as cited in van der Sheer & 
Visscher, 2016) agrees, emphasizing that changing teachers’ beliefs and attitudes should 
be the first step in changing teacher data use practice and student achievement. 
Knowledge of the status of teachers’ beliefs and attitudes can help schools build data use 
capacity (Wayman et al., 2016). According to Mertler (2009) practicing D3M requires 
changing one’s mindset so that the practice is habitual, becoming what he refers to a 
second nature. 
Data Affordances 
According to Marsh et al. (2015), the U.S. Secretary of Education Arne Duncan, 
in 2010, asserted, “Good data promotes transparency and accountability. It shows the 
public the value that they are getting in their investment in education. It gives teachers 
information they need to change their practices to improve student achievement.” In 





Spellings (2005) emphasized the important role students and school data can play in 
meeting the set goals. Protheroe (2001) agrees with this assertion, as she argues that the 
data not only help teachers see specific areas of difficulty for each student, but also help 
teachers and principals to pinpoint objectives that either need to be covered more 
thoroughly or taught in a different way. Protheroe adds that teachers can then be given 
support—staff development, assistance from a master teacher, etc.—with either content 
or instructional approaches to improve their teaching. The National Council for Teachers 
of Mathematics (NCTM) underscores the importance of good assessment procedures by 
asserting that an excellent mathematics program ensures that assessment is an integral 
part of instruction, provides evidence (data) of proficiency with important mathematics 
content and practices, includes a variety of strategies and data sources, and informs 
feedback to students, instructional decisions, and program improvement (National 
Council of Teachers of Mathematics, 2014). This position is also supported by the 
National Council for the Teachers of English, which states “… formative assessment is 
the lived, daily embodiment of a teacher’s desire to refine practice based on a keener 
understanding of current levels of student performance, undergirded by the teacher’s 
knowledge of possible paths of student development within the discipline and of 
pedagogies that support such development ”(NCTE Assessment Task Force, 2013). 
According to Wayman et al. (2012) and Hamilton et al. (2009) there are few 
causal direct links between student achievement and data use. In fact, Hamilton et al 
(2009) conclude that using data for instructional decision-making does not yet provide 
conclusive evidence of what works to improve student achievement. They argue that 





would help in making this leap. However, some studies have reported appreciable gains 
for students, resulting from using D3M model (Protheroe, 2001; Schildkamp & Poortman, 
2015; Wayman, 2005). Studies done by Campbell and Levin (2009) and by Lai, 
McNaughton, Timperley, and Hsiao (2009) showed that D3M could lead to increased 
student achievement. Other studies also seem to support this result. One such study 
reported by the North Carolina Department of Public Instruction (Evaluation Section, 
2000) suggests that schools demonstrating success with closing the achievement gap 
were more likely than others to assess students more regularly for diagnostic purposes 
and to disaggregate the data. The nine schools in the study tested every six- or nine-
weeks using district-wide assessments and the results were disaggregated in fine-grained 
analyses to enable application of differentiated instruction.  
Black & Wiliam (1998), have reported that the data from formative assessments 
have led to substantial gains in student achievement. A study by Lai et al. (2009) showed 
that through critical examination of data, gains in reading comprehension were sustained 
over a period of three years of the study. A close alignment between the state standards, 
teaching and assessments is necessary for effective testing (Breiter & Light, 2006; 
Halverson et al., 2007; U.S. Department of Education, 2010). In turn, such testing 
provides quality data that can then be used to improve instruction. A National Education 
Goals Panel report (Rothman, 2000) concluded that using data to drive improvement was 
a key to success. The report pointed out that successful schools use performance 
information to identify what they are doing well and what areas they need to improve in. 
Using data to inform school practice predates the NCLB legislation (Wayman, 2005). In 





analyzed student data and used this information to make instructional decisions, reported 
higher students’ achievement, at least in some grades and subjects.  
Assessment data have the potential to inform how teachers plan lessons, identify 
concepts for re-teaching, and differentiate instruction (Hamilton et al., 2009; Kerr et al., 
2006; Supovitz and Klein, 2003). Mertler (2009) criticized the traditional ‘gut instinct 
decision-making’ that once characterized this old and common schoolhouse teacher 
practice. Instead, he argues, D3M is the science of teaching. Wohlstetter, Datnow, and 
Park (2008) agree when they point out how educational researchers persistently decry 
education as a field where decisions are based on intuition, gut instinct, or fads, rather 
than facts (data). However, there are scholars who posit that intuition, professional 
experience and data each have their valuable roles in instructional decision making (Dunn 
et al., 2020; Shulman, 1987; Vanlommel et al., 2017). Dunn et al. (2020) argues that 
preservice teachers’ efficacy in D3M is improved when intuition, experience and data are 
allowed to intersect in informing teachers’ instructional decision-making. Shulman’s 
(1987) reflective practice for effective teacher’s practice paces a premium in experience. 
The study by Vanlommel et al. (2017) showed that teachers relied more on intuitive 
expertise than data purposively collected to inform decision-making.  
Long before D3M terminology was coined, Popham (1987) had proposed 
measurement-driven instruction as a cost-effective way to improve the quality of public 
education. It seems reasonable, therefore, to expect educators to use data to inform them 
in making the best decision instructionally and administratively, that would honor the 
spirit of the “No Child Left Behind” (NCLB) legislation. In fact, some researchers, for 





a car with no gauges or windows and without a map—you cannot tell how much gas you 
have, how fast you are traveling, where you are, and whether you are even headed in the 
right direction. Good data, correctly used, should lead one to decisions that are less 
subjective and more objective. Schildkamp and Kuiper (2010) argue that data remove 
politics and ideologies from decisions, so that the focus can be squarely on teaching and 
learning. A brief description of how the D3M model uses data to improve decision-
making by educators will now be considered, followed by a conceptual framework of the 
model.  
D3M  
At the heart of the “data-driven” mantra is the assumption that there is a problem, 
question or concern that needs to be resolved. It is further assumed that the concern 
would be best resolved by using information from data obtained from or about the 
student(s) (Gill et al., 2014; Mertler, 2009). As previously discussed, these data should 
be, preferably, from multiple sources whenever possible, so that these triangulated data 
would improve the chances of making valid inferences that may ultimately lead to the 
resolution or mitigation of the negative impact of the identified concern or problem 
(Mandinach & Jackson, 2012). Such resolution may be, for example, identifying areas of 
students’ weakness or misconceptions that might benefit from an appropriate learning 
intervention, or students’ strengths that might benefit from enrichment opportunities. 
According to Hamilton et al. (2009), teachers need to systematically and routinely make 
data part of an ongoing cycle of instructional improvement. One of the most talked about 
frameworks that is gaining momentum in educational research is the D3M framework 





2004; Loeb, 2012; Mandinach et al., 2015; Mandinach & Gummer, 2015; Mandinach et 
al., 2006; Mandinach & Jackson, 2012; Mandinach et al., 2006; Marsh et al., 2015, 2006; 
Mason, 2014; Nelson & Eddy, 2008; Schildkamp & Kuiper, 2010; U.S. Department of 
Education, 2010; Wayman, 2005; Wayman & Stringfield, 2006).  
The key actions in this framework center around collecting, analyzing and 
interpreting data for the purpose of guiding decisions related to the planning and 
implementing of instructional strategies and institutional policies that help improve 
school outcomes, chiefly student achievement outcomes (Grigsby & Vesey, 2011; 
Ikemoto & Marsh, 2007). The USDOE (2010) describes D3M as follows:  
A process that integrates the analysis of educational data, typically stored in 
educational data systems, to support decisions intended to improve teaching and 
learning at the school and classroom levels. The practice entails regular data 
collection and ongoing implementation of improvements. Some researchers prefer 
the term “data-informed” decision-making to acknowledge the role of factors 
other than data in shaping educators’ decisions. (p. C-3) 
The D3M process uses educational data to ultimately inform planning, resource 
allocation, student placement, and curriculum and instruction. It is a practice in the sense 
that it does not occur only once but is rather an ongoing systemic process for continuous 
improvement. According to Wayman et al. (2016), organizational supports for teacher 
data use, teacher competence in using data, teacher attitudes towards data, and 
collaboration in data use influence teacher actions around data. The implication is that for 





data use, it needs to understand the current educator practices and attitudes towards data 
use. 
According to the literature review conducted for this study, other terms are used 
by researchers in describing data use practices by educators. The practice is also referred 
to by some researchers as data-based decision-making (Cooley et al., 2006; Gage & 
McDaniel, 2012; Little, 2012; Orland, 2015; Reeves & Burt, 2006; van der Scheer & 
Visscher, 2016; Schildkamp et al., 2014; Spillane, 2012). It has also been referred to as 
data-driven instructional decision-making (Mandinach et al., 2005), data-driven 
educational decision-making (U.S. Department of Education, 2007), and data analysis 
framework for instructional decision-making (Mokhtari et al., 2007). Despite the 
scholars’ different nomenclature, the underpinnings actions are basically the same: data is 
transformed into useful information that can be used to derive knowledge that can then be 
used to make well-informed actionable decisions. This researcher prefers to use the more 
widely used name, D3M, to refer to the data use framework in this study. This study 
builds on the promise of this framework to explore the current practices of some 
educators in one school district and to understand the challenges and opportunities that 
may benefit from the D3M model.  
Conceptual Framework 
The conceptual framework presented in this work is informed by the work of 
educational data use scholars whose scholarship contributions were reviewed and used to 
inform this project. The works of Breiter and Light (2006), Gummer and Mandinach 
(2015), Hamilton et al. (2009), Light et al. (2004), Mandinach et al. (2006), and 





informative and were relied upon to inform the ideas used to conceptualize the 
model/framework as presented in the following Figure 2.2.  
 
Figure 2.2 The D3M model 
Note. D3M model, showing the major components: teacher actions on data (through the 
inquiry cycle), influencing factors for data use enculturation: competence, collaboration, 






Explanation of the components included in the framework will be presented 
further down in this section. The logic diagrams that help to illustrate and explain the 
model and to visualize some of the elements of the conceptual framework will be 
presented throughout this section. The overarching and central component is the teacher 
actions with data, and this is explained below. 
Teacher Data Actions and Four Known Factors in the D3M Model 
 Teacher actions are a central piece of the D3M model. The actions can be 
categorized into two types, the actions performed in the data inquiry cycle and those 
performed using knowledge gleaned from the processed data. The former actions can be 
successfully accomplished if a teacher has adequate assessment skills. Such actions 
include identifying problems or concerns and formulating questions and /or hypotheses to 
be examined in relation to identified problem, garnering information by collecting and 
analyzing data, and using knowledge from gained information to make decisions and then 
evaluating the effectiveness of the actions taken. Literacy skills and a good understanding 
of pedagogical content knowledge are necessary for a teacher to be able to use knowledge 
gleaned from the data to make effective instructional decisions that may result in 
improvement of student achievement on targeted learning goals.  
In a previous section, the factors that influence teacher data use have been 
discussed; four of those are recapped here as they as they will be particularly considered 
in the exploration on data use by teachers in the case study school district. According to 
Wayman et al. (2016), teacher actions on data are known to be influenced by factors such 
as their competence in using data (assessment literacy and data literacy), their attitudes 





in particular, organizational supports such as district policy, school leadership and 
technology tools to use data and collaborative team trust Dunn et al. (2013). Figure 2.3 
below shows these factors that influence data use by teachers. Each of these four will be 
briefly discussed.  
 
Figure 2.3 Some Factors that Influence Teacher Actions with Data 
Competence in Using Data 
Competence in using data requires the complementary skills of assessment 
literacy and data literacy. According to Mandinach, Friedman, and Gummer (2015) 
assessment literacy is the ability to calculate and understand basic statistics of assessment 
data, that is data obtained from instruments tagged as “assessment”. Chick & Pierce 
(2013) characterize such skills as ability to read and compare values as well as the ability 
to analyze a data set from an ‘assessment’. Chick and Pierce further argue that most 
teachers do not have the requisite skills beyond the very basic graphical interpretation 





teachers lack the statistical literacy to make sense of data reports or presentations that are 
complex, such as the report format typically provided from state assessments. 
Mandinach, Friedman, and Gummer (2015) posit that data literacy is the knowledge and 
skills to go beyond ‘assessment’ data to include non-assessment data such as behavioral, 
attendance, special needs, observations, etc. The ability to harness and meaningfully 
understand the sum of all these different data forms is what it means to be data literate, 
according to these authors. They, like Chick and Pierce (2013), Marsh (2012, Schildkamp 
& Kuiper (2010), Schildkamp & Poortman (2015) and U.S. Department of Education 
(2009, 2010) agree that teacher preparatory programs are not preparing teachers in 
preservice programs with data literacy skills. Districts are left to try and provide in-
service teachers with professional development opportunities to b data literate.  
Attitudes towards data  
Positive attitudes about data do help teachers buy-in to data use. A study by (G. T. 
L. Brown et al., 2011) reported a positive correlation between the positive attitudes about 
data and testing and student outcomes in different countries. The report posits that in 
cases where assessments were viewed as means for improvement rather than as ways to 
be accountable, the former reigned in improved student outcomes. Reporting on the 
effects of attitudes in the functioning of some data teams in their study, Schildkamp & 
Poortman (2015) observed that team members with positive attitudes towards data felt 
ownership of the problem and enjoyed working with their team members. They reported 
that negative attitudes of some data teams hindered progress. Along with positive 
attitudes, teams that were more successful in Schildkamp and Poortman (2015) study also 





on some Dutch school staff‘s knowledge D3M knowledge and skills after a PD on 
attitudes, knowledge and skills on D3M. District are better served in their efforts to move 
the D3M efforts forward if they know the existing attitudes of their teachers (Wayman et 
al., 2016). The inclusion of the exploration of this factor is therefore a step in the right 
direction.  
Organizational Supports 
According to Hamilton et al. (2009), the responsibility enculturating effective data 
practices lies with the district, school administrators and classroom teachers alike. There 
are three main kinds of supports that will be explored in this study: district level through 
district policies, practices and understanding that promote data use, school support 
through principal leadership, and district provisions of technology to use to access and 
process data. The report by Hamilton et al. (2009) recommends establishment of clear 
vision for district wide and school wide data use by creating data teams, defining critical 
teaching, and learning concepts, developing a written plan for articulating data activities, 
roles, and responsibilities for data teams, providing sustained data leadership, a written 
plan. The authors also recommend the development of a district wide data system. The 
study will attempt to get teacher perceptions of the level of support in these areas and 
how these may be impacting the teachers’ data use. 
Collaborative Team Trust? 
The data teams mentioned above would not be productive if the members 
perceive the atmosphere in which they are to be collaborating on data is not friendly and 
professional. Levin & Datnow (2012) place the responsibility of creating a climate of 





refer to the principal as the chief agent of mediated educational reform such as the D3M. 
The U.S. Department of Education (2009, 2010) supports this by recommending school 
leaders to build teachers mutual trust to a point where they become comfortable working 
with other teachers to examine data that reflects on their own teaching performance. This 
study seeks to find out how teachers feel about the collaboration efforts in their school 
and how this might impact the data use. 
Figure 2.4 below shows the different forms of data that teachers use. The study 
will attempt to get information on how teachers use these data. Teacher actions on data, 
such data types as shown in the figure, are greatly influenced by factors already discussed 
above.  
 
Figure 2.4 Teacher Actions with Data from Different Sources 
Note. Teacher action with these data forms is informed the results of the actions of the 






D3M Inquiry Cycle 
In their work with students, classroom teachers routinely observe and/or collect 
data, formatively or summatively, about student learning outcomes to gauge student 
understanding of the target standards. Some data may be external data, coming from state 
assessments or from district benchmarks. Analysis of any student data may reveal 
learning gaps and/or opportunities for curriculum enrichment. Either way, based on the 
data at hand, the teacher may then make some appropriate adjustments to the instructional 
strategies, or to the curriculum by applying an appropriate intervention such as re-
teaching the standard/concept, differentiating instruction, changing the pacing, or 
sequencing or providing enrichment opportunities for under challenged students. Suffice 
to say, the ability to use data to effect positive outcomes hinges on productive 
dispositions with respect to the influencing factors that were discussed earlier in this 
chapter. That said, it is important that the educator be able to process data to garner some 
knowledge which can then be used to inform the best intervention for the students.  
The assumption here is that the teacher is adept and has a deep subject content 
knowledge (CK) and a discerning pedagogical content knowledge (PCK). According to 
Gummer and Mandinach (2015), PCK enables the teacher to effectively customize and 
adjust instruction by planning, modifying, or adapting as needed to meet the needs of the 
individual learners. Such professional knowledge combined with knowledge derived 
from data empowers the teacher(s) to consider an appropriate intervention. If the requisite 
knowledge (CK and PCK) is known to be absent, then targeted PD to empower teachers 






According to Gummer and Mandinach (2015) the data cycle of inquiry has six 
components comprising: 
1. identifying the problem to be solved using data, 
2. framing the questions to be answered from the data, 
3. using data literately (adeptly using data literacy skills), 
4. transforming data into information, 
5. transforming information into knowledge which can be used to decide and  
6. evaluating outcomes of implemented decisions. 
The D3M model depicted in Figure 2.2 above includes a depiction of the D3M 
inquiry cycle. This cycle is illustrated in teacher action with data that was presented 
earlier and repeated here for convenience. 
 
Figure 2.5 D3M Inquiry Cycle Depicting the Activities of the Cycle 
Note. This model is developed from theoretical frameworks on how data gets 






Although Gummer and Mandinach (2015) enumerate six components of the 
inquiry cycle, the cycle presented in Figure 2.5 shows only five. This is because the 
present researcher has chosen to combine Gummer and Mandinach’s components 1 and 2 
into one. Identifying the problem to be solved (1) and framing questions to be answered 
(2) are intricately intertwined and is the background activity done prior to gathering new 
or more data that would be used solve the problem revealed by the present data. This 
representation of the data inquiry cycle is supported by the work of Beck & Nunnaley 
(2020) whose continuum of data literacy for teachers (DLFT) depicts five components, 
each of which is presented in incremental depth of expertise from novice user to 
developing user to developing expert user to expert user. All the four levels of their 
DLFT continuum are based on Shulman’s pedagogical content knowledge (PCK) 
principles. The five components in the continuum are: 1. Identify issue/opportunity and 
set goals, 2. Collect, manage, and organize high quality data, 3. Transform data into 
information, 4. Transform information into decision and 5. Evaluate outcome (Beck & 
Nunnaley, 2020, p. 2). 
Before data can be useful in providing the knowledge that is needed to solve a 
problem, they need to be transformed through a series of teacher actions with the data. 
According to Wayman et al. (2016), such actions include evaluating the problem, 
formulating questions to be answered, examining data, synthesizing information to gain 
knowledge and making decisions based on the knowledge gained. Collecting and 
transforming data to knowledge is a significant part of the teacher actions in the cycle. 
There are three levels of data abstraction in the data transformation process. The data 





appropriate tools, the organized data is summarized and analyzed, transforming it into 
meaningful information at the second level (Figure 2.5, Component 3). At the third stage, 
the information is synthesized and prioritized into actionable knowledge (Figure 2.5, 
Component 4). The knowledge can then lead to a decision that may then be implemented 
(Figure 2.5, Component 5). If the decision is implemented, the impact of that decision is 
then assessed, and the feedback is used to determine necessary corrective or affirmative 
actions and to appraise the situation. Although the numbering in the Figure 2.5 above 
suggests a sequential progression of the actions in the D3M inquiry cycle, the cycle 
allows for flexibility in the execution of the actions/steps. For example, the teacher may 
revise the essential research question and/or hypotheses considering what the data 
analysis may be revealing, or maybe more/less data or different type of data may be 
incorporated. Each of the stages in the inquiry cycle will now be explained separately.  
D3M Inquiry Cycle Stage 1: Question and hypotheses 
The D3M framework is based on what it means for an educator to be data driven. 
The basic assumption is that an educator recognizes an anomaly (arising from some data 
analysis) or is faced with a situation for which data (either more data or different kind of 
data) can help answer or explain (Mandinach et al., 2006). Such anomalies typically 
become clear from data pattern(s) that fall outside of normal expectations and are usually 
evident when data sets for groups of students are scanned for patterns. One of the most 
salient concerns in education is that of students who underachieve or achieve below their 
grade level. The NCLB legislation provides an incentive intended to force educators to 
correct underachievement. For the classroom teacher whose students may be 





standards being taught, the inquiry begins by asking questions that seek answers as to 
why the students are not performing as expected. At this point, possible explanations 
(hypotheses) are proposed. Understanding what is going on may require more than 
intuition to provide an appropriate intervention. Ideally, to help explain what is 
happening and to determine an appropriate intervention, more data from multiple sources 
including classroom activities, or other sources, such as the school or district database 
should be gathered. This is represented by component [1] of the cycle of inquiry as 
shown in Figure 2.5 above. This is the questioning and hypothesizing stage of the 
enquiry. The main actions of the teacher at this stage are asking questions, observing, and 




Figure 2.6 Stage 1 of the D3M Cycle of Inquiry 
Note. Cycle of inquiry begins with a question arising from an observed concern or 
opportunity. 
 
It is not uncommon for educators in general and classroom teachers in particular; 
to make instructional as well as classroom management decisions regularly. Gummer and 
Mandinach (2015) recommend that other stakeholders be involved in identifying the 





which viable hypotheses are formulated. Typically, two competing hypotheses that might 
help explain the situation are constructed. The hypotheses in this case may be two 
diametrically opposite explanations of the observed phenomenon that the teacher is 
investigating, and for which data analysis may lead to the rejection of one in favor of the 
other. In the Figure 2.6 above, the (1) denotes the initial stage in the cycle of inquiry. The 
question over a concern or opportunity gives rise to possible explanation of the situation, 
a hypothesis that may need to be tested, using data (Hamilton et al., 2009). 
D3M Inquiry Cycle Stage 2: Collecting and Organizing Data 
The next stage would be to collect raw data from different sources to assemble a 
collection of high-quality data that is relevant for the problem to be solved. Figure 2.7 
below depicts this stage. Data literacy plays an important role at this juncture in that it 
helps the researcher decide what data are relevant and most useful in solving the problem 





Figure 2.7 Stage 2 of the D3M Cycle of Inquiry 
The technology tools play a significant role at this stage in the process. As noted 
earlier, best practices recommend that more than one data source be used if possible, 
especially if the consequences of a decision resulting from the data used are severe. 





problem or concern being faced. Depending on the complexity of the question, data is 
collected from appropriate sources. Data triangulation from multiple sources (quantitative 
and qualitative) boosts the confidence with which decisions can be made based on the 
data. Classroom teachers have unlimited access to their own individual formative and 
summative assessment data (Supovitz & Klein, 2003). They may also have access to 
school-wide and state data on their students. In addition to achievement data, non-
achievement data may also be useful in understanding the phenomenon under 
investigation. Using appropriate technology tools, the data is collected and organized into 
formats that enable the next stage, analysis to yield information.  
D3M Inquiry Cycle Stage 3: Transforming Data into Information 
The information obtained from Stage 2 is further analyzed and summarized to 
yield some information about the problem being investigated. Figure 2.8 below illustrates 
this stage. 
 
Figure 2.8 Stage 3 of the D3M Cycle of Inquiry 
Technology plays a crucial role at this stage (Light et al., 2004). Teachers need the right 
supports in terms of access to technology tools, data literacy skills and easy access to 
data, to be successful at this stage (Ellen B. Mandinach, Honey, et al., 2006). Raw data in 
themselves are not readily useful to inform and enable decisions. They need to be 





distinction between data, information and knowledge (Breiter & Light, 2006; Mandinach 
et al., 2006). According to Breiter and Light (2006), data, prior to becoming information, 
is in a raw state and is not connected in a meaningful way to a context or situation. Data 
are thus transformed into information by analyzing and summarizing organized data and 
presenting them in ways that are meaningful to those situated to use them. Breiter and 
Light (2006) describe information as data that have been given contextual significance. In 
distinguishing information from knowledge, Mandinach et al. (2006) posit that 
information, unlike knowledge, carries no implication for future action.  
The importance of data literacy skills and the ability to access and use data system 
tools effectively was mentioned earlier and continues to be relevant here too. 
Unfortunately, many educators lack data literacy skills to meaningfully analyze data in 
ways that would result in informed instructional decisions (Mandinach & Gummer, 2013; 
Marsh, 2012; Schildkamp & Kuiper, 2010; Schildkamp & Poortman, 2015). Besides 
reporting a general shortage of technology support staff in schools, U.S. Department of 
Education (2009, 2010) also report the need to equip teachers with tools for generating 
actionable data as well as tools for acting on the data. Suffice to say, tools in themselves 
are ineffective, educators need PD to equip them with skills to use these tools effectively 
(Datnow & Hubbard, 2016; Loeb, 2012; Marsh et al., 2015; Schildkamp & Poortman, 
2015). From information, knowledge is created. This is the next stage in the cycle. 
D3M Inquiry Cycle Stage 4: Transforming Information to Knowledge 
The information will once more go through another layer of abstraction to yield 
knowledge that will then be used by the classroom teacher-researcher to test their 





Light (2006) describe knowledge as the collection of information deemed useful, and 
eventually used to guide action. 
 
Figure 2.9 Stage 4 in the D3M Inquiry Cycle 
Knowledge is the outcome of the third phase of the data transformation process 
from raw data to knowledge (fourth stage in the inquiry cycle above). At this phase, 
information is synthesized and prioritized to enable decision-making. Figure 2.9, above, 
illustrates this transformation diagrammatically. The (4) in the figure is used to indicate 
the third of five stages in the cycle of inquiry for D3M. At this stage, information is 
analyzed and summarized to yield knowledge. 
Transforming data from information to knowledge relies more on the teacher / 
teacm characteritics than characteristics of the technology tools used to process the data 
(See Figure 2.1 above). At the beginning of the data transformation process, the 
technological tools play a greater role in manipulating the data to present it in more 
meaningful ways to the user. It is said that data literacy influences data use efficacy 
(Schildkamp et al., 2017) and that efficacy, in turn, is a powerful predictor for teacher 
data use (Dunn et al., 2013). Literature review showed that good pedagogical content 
knowledge is needed in addition to data literacy (Datnow & Hubbard, 2015, 2016; Dunn 
et al., 2013; Gummer & Mandinach, 2015; Mandinach & Gummer, 2013; NCTE 





Education, 2011). Teacher’s own teaching style and pedagogy along with beliefs and 
attitudes influence the teacher’s data use disposition (Light et al., 2004). According to 
Datnow and Hubbard (2016), the connection between data (use) and instructional change 
lies in the teacher’s beliefs and capacity for using data. It is, therefore, necessary that 
teachers be equipped with not only effective data processing tools but also with the 
productive dispositions in terms of beliefs and attitudes. Building teacher capacity to use 
data will ensure successful enculturation of data use in PK-12 school system.  
D3M Inquiry Cycle Stage 5: Knowledge to Decisions  
Figure 2.10 below depicts what the classroom teacher-researcher does with the 
knowledge gained from the data analysis, in reference to their original research question.  
 
Figure 2.10 Stage 5 of the D3M Cycle of Inquiry 
At this stage, the educator uses the knowledge gained from the data to decide on the best 
intervention, informed by their content knowledge (CK) of the subject matter and their 
pedagogical content knowledge (PCK) of how students learn. The knowledge empowers 
the teacher to confidently decide and implement an appropriate intervention that may 
support either of the competing hypotheses. After the implementation of the intervention, 
data is again collected and evaluated for the impact of the intervention and evidence in 
support of either hypothesis. If evidence supports any one of the hypotheses, a solution to 





either hypothesis, revising the hypotheses may be necessary, in which case interrogating 
existing data sources in light of the new claims or new data commensurate with the 
revised hypotheses may be collected and processed as outline above (Mandinach et al., 
2006; Schildkamp & Poortman, 2015). In that case the inquiry cycle may be revisited, 
entering the cycle at the appropriate node (stage) depending on what needs to be 
revisited: from reformulating the research question and setting hypotheses, to data 
collection and organization, to information summarization from data analysis to 
knowledge synthesis and/or to implementation of an alternative intervention. 
The D3M Model 
One of the assumptions of this framework is that data, information, and 
knowledge form a continuum in which data are transformed to information and 
information further transformed into knowledge. This knowledge can then be used to 
make decisions applicable to a given context (Mandinach et al., 2006). The relationships 
between the foregoing components are compiled in a visual representation of the 
conceptual framework that is referred to here as the D3M model (See Figure 2.11, below). 
The model shows that teacher actions are influenced by several factors among which are 
institutional supports for data use, the beliefs and attitudes teachers hold, the teachers’ 
competences in using data and the level of collaboration with other teachers in data use 
practices. The teacher actions involve collecting data, transforming it into information 
and knowledge using technology tools and eventually using the knowledge gained from 
the processed data to make an informed decision. The decision is then implemented, and 
the impact examined in search of favorable outcomes. Practices with favorable outcomes 





Finally, the impact of the decisions is studied to determine its effect on student learning 
outcomes.  
 
Figure 2.11 D3M Model 
Note. This figure is the same figure as Figure 2.2, placed here for reference. Teacher 
actions in the D3M process, from collecting multiple sources of data (2), organizing them 
into meaningful information (3) and then into knowledge (4). This knowledge is used to 





The knowledge gained is shared with other institutional members. Effect size and 
greater evidence for the effectiveness of the intervention implemented is more convincing 
when teams of educators work together in data teams to develop evidence based 
instructional strategies that produce desirable results. Finally, such effective intervention 
strategies are deposited into the institutional database of best practices and recommended 
for systematic use by institutional educators. 
The D3M Model at Different Levels of the System 
 
Figure 2.12 D3M Extended to Encompassing Organizational Levels 
Note. The level and scope of the D3M (See Figure 2.11. above) and its potential impact. 
The model can be applied at any one level of the school system from the classroom 
teacher to the school principal to the district and state education personnel seeking to 
make data informed decisions. The depiction here seeks to show that the micro-processes 







Educational D3M can be exercised at different levels of educational institutions, 
from the classroom level to school or building level, to school district level, and on to 
state or federal level (Breiter & Light, 2006; Donhost & Anfara Jr, 2010; Little, 2012; 
Mandinach, 2012; U.S. Department of Education, 2010). Little (2012) posits that the best 
way to understand the data use practice at the macro level (state) is by examining the 
micro-level practices (classroom). These micro-level practices happen in the classroom 
and are a central focus of this work. 
Conclusion 
Among the many factors that impede progress in data use for educational 
decision-making are lack of data literacy skills, lack of effective data use leadership in 
schools, and technology challenges. Lack of data literacy skills for classroom teachers 
and principals has been attributed to cursory or none-coverage of these skills in teacher 
preparatory programs in colleges of education (E. Mandinach et al., 2015). According to 
Levin and Datnow (2012), lack of visionary and exemplary leadership in data use is a 
strong barrier to data use enculturation. Although there are advanced data system 
technologies now available, data access for some teachers remains an issue about the 
format in which data reports are presented and untimeliness of the availability of the data 
from state assessments, especially if teachers are expected to use these data to inform 
their instructional decisions (U.S. Department of Education, 2007) .  
Teachers’ own negative perceptions based on their beliefs and attitudes towards 
the use of standardized test data in making decisions about students are also known to 
impact data use (Jimerson & Wayman, 2015). While standardized student achievement 





said to rely more on frequent data from their own classrooms, such as formative 
assessments, and from school or district interim and benchmark assessments, to inform 
their instructional decisions. Multiple sources of data should be used to inform decisions 
about students’ learning outcomes. 
Given that classroom teachers are at the crossroads of efforts to use data for 
educational reform, instructional coaches, principals, and policy makers should work to 
equip teachers with requisite skills to effectively employ data in their instructional 
decisions. Classroom teachers are the foot soldiers of data use efforts, but often lack 
support to fully realize the potential offered by using data to inform educational decisions 
(Schildkamp & Kuiper, 2010; U.S. Department of Education, 2010)). Research has 
shown that apart from technology support, human support (such as PD and coaching), 
data production support, accountability and incentives as well as norms and expectations 
for data use are productive ways to promote data use (Marsh, 2012). 
Using data to inform instruction can be likened to a driver using milestones and 
vehicle gauges to adjust and measure progress towards a desired destination. Without 
careful planning and paying attention to these indicators, the driver may not safely nor 
accurately get to their destination. The same can be said of educators: careful planning of 
instruction that adjusts teaching and learning strategies based on data will likely lead to 
the desired goals. The D3M model seeks to arm educators with a systematic approach of 
using data to inform their practice. Using the inquiry cycle such as embodied in D3M 
framework, important questions about outcomes of teaching and student learning can be 
posed; data collected, organized, and transformed to knowledge and that knowledge used 





Gummer & Mandinach, 2015; Schildkamp & Poortman, 2015). Best interventions are 
those that bring about positive changes in student learning outcomes. Once the impact of 
the intervention is reflected upon, further action may be taken if necessary, to improve 
the strategy or to change the strategy altogether. If the intervention did not bring about 
the desired effect, a partial or complete cycle can be repeated as needed. Applying the 
D3M model at every level of the school system from the classroom to the school to the 
district, for example, may result in improving student achievement (Gill et al., 2014; 








This study is a case study of a midsize public-school district in South Carolina, 
serving over 27,000 students. With an average student to teacher ratio of 15 to 1, the 
district employs a combined total of over 1,800 elementary, middle, and high school 
teachers in 35 schools. Of the 35 schools, 23 are elementary, seven middle and five high 
schools. Every school year cycle, there are some state or district assessments that are 
administered to students at different grade levels (See Table 3.1 below for a complete list 
of administered assessments, their acronyms, and full names). These assessment 
programs, together with other classroom interactions/assessments mediated by teachers, 
generate large amounts of data. Examples of elementary school assessments include the 
DRA2, MAP, and SC Ready. Some of the middle school assessments include MAP, SC 
Ready and SCPASS. High school students’ assessment examples include EOCEP, the 
ACT, SAT, and AP tests. In addition to the standardized assessments, teachers gather 
data on students through demographic, attendance and other teacher mediated forms of 
evaluating student progress. It is generally assumed that these data could and should be 
used to equip educators with the knowledge they need to better make decisions that 






Table 3.1 Forms of Data from Different Assessments and Other Sources 
  SCHOOL LEVEL 
Data Elementary Middle High 
    
Readiness Data (RD) MyIGDIs - Individual Growth and 
Development Indicators  
PALS - Phonological Awareness 
Literacy Screening 
GOLD - Gold 
KRA- Kindergarten Readiness 
Assessment 
DRA2 - Developmental Reading 
Assessment, Second Edition 
Ravens CPM - Raven’s Colored 
Progressive Matrices 
CogAT - Cognitive Abilities Test) 
IA - Iowa Assessments 
SC-READY - South Carolina 
College and Career Readiness 
Assessment 
SC-PASS - South Carolina Palmetto 
Assessment of State Standards 
PSAT – Pre-Scholastic 
Assessment Test 
ACT – American College 
Testing 
SAT – Scholastic 
Assessment Test 
WorkKeys – ACT Career 
Ready Assessment 
WIN - WIN Learning Career 
Readiness Assessment 
    Achievement Data 
(AD) 
PTA - South Carolina Performance 
Tasks Assessments 
SC-PASS - South Carolina 
Palmetto Assessment of State 
Standards 
EOCEP - End of Course 
Examination Program 
SC-PASS - South Carolina Palmetto 
Assessment of State Standards 
EOCEP - End of Course 
Examination Program 
AP – Advanced Placement 





MAP - Measures of Academic 
Progress 
MAP - Measures of Academic 
Progress 
MAP - Measures of 
Academic Progress 
Formative Assessments - 
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  SCHOOL LEVEL 
Data Elementary Middle High 
Individual Teacher 
Student Data (ITSD) 
This is data that the classroom teacher generates from their own formative or other teacher mediated 
assessments. They represent individual teacher assessments of students 
    Other Data (OD) This category covers any other assessment the participant may wish to include. 
  
    
Note. Readiness assessment data (RD) for each level comes from state assessments that measure college and career readiness all the 
way from elementary to high school grades. Achievement tests data (AD) are state/external assessments data that measure student 
achievement on state standards at different levels. Formative assessment (FAD) for this survey is data from state interim assessments 
(math and reading). Individual teacher student data (ITSD) are data that come from a variety of teacher mediated activities that assess 






This district prides itself as a premier school district that strives to ensure that all 
students’ learning needs are met. Consequently, the district has made significant 
investments in educational technology for staff and students. Not surprisingly, the 
expectation is that educators are better able to gather, analyze and use data to make 
instructional and school improvement decisions thanks to technology made available. 
This project seeks to explore some data use practices in the school district and to 
determine which data are privileged and how educators use data to inform their 
instructional decision-making. Data in this context primarily comes from accountability 
assessments such as outlined in the next two paragraphs but may also include other 
student data generated by the school and classroom teachers. The following are the 
research questions at the center of this enquiry:  
1. What data do teachers use and how do teachers use them to support 
instructional decisions? 
2. Given the expectations for increased data use for instructional decision 
making, what effects, if any, do district teachers’ perceptions on the levels of 
organizational supports, their own attitudes, beliefs, and competence, and trust 
among data team members, have on their capacity to use data? 
SC Statewide Testing Programs 2019-2020 School Year 
A list of South Carolina state assessment programs for PK through 12th grade was 
obtained from the state department. The list is included in the Appendix A: Supporting 





School District’s Comprehensive Student Assessment System 2019-2020 
A comprehensive list of district assessments administered in the district schools 
for the school year 2019-2020 is also included in Appendix A. This list is almost the 
same as that from the state. The only test the district optionally uses is the Ravens CPM, 
designed to measure abstract reasoning and is regarded as a non-verbal estimate of fluid 
intelligence. The school district uses this assessment as an early screening assessment for 
the identification of giftedness. A question about the use of data from this instrument is 
included in the survey for elementary school teachers. 
Research Design 
The case study school district expectation was that teachers, administrators, and 
instructional support staff use data to make decisions that ultimately impact the students’ 
outcomes. There is generally a lack of information about which data teachers actually use 
and whether and how educators use the data (Wayman et al., 2016). According to 
Wayman and his colleagues, a survey designed to collect this information can help 
education leaders and policy makers to understand the kinds and extent of supports 
needed to promote effective data use and improve student outcomes in schools. District-
wide enculturation of D3M is likely to be realized when leaders know enough of the 
current practices to intentionally provide necessary organizational structures (supports 
and routines) that facilitate data use by staff when making instructional decisions. This 
exploratory study employed a quantitative method approach that utilized a survey that 
contained Likert Scales. Each scale consisted of several statements each of which 
solicited a response numerically ranked from 1 to 4 or 5, where a 1 denoted the least 





composite scale that was used to measure a more complex construct. One such composite 
scale was the teachers’ “actions” with-data scale that combined the separate action scales: 
AWRD on readiness (RD), AWAD on achievement (AD), AWFAD on formative 
assessment (FAD), and AWITSD on teachers’ own data (ITSD) and teacher actions in 
collaborative data teams (ACT). Another composite scale was the “attitudes” scale that 
was informed by the “attitudes towards data’s effectiveness for pedagogy” and “attitude 
towards data” scales. The third composite scale was the one for “supports.” This scale 
comprised of the scales: “organizational support”, “support through principal leadership” 
and “computer data systems support.”  
Participants 
According to one district official, two high schools, three middle schools and 
seven elementary schools had been part of the district’s initiative to promote use of 
formative assessments data to improve student achievement (J. Arnold, personal 
communication, December 2020). Teachers in these schools are said to have been 
provided with opportunities for PD in the use of such data. According to Dr. Arnold, the 
initiative is expanding and will eventually have all schools participating officially in the 
district wide data use initiative. The use of formative assessments in informing classroom 
teacher practice is well supported by research (Black & Wiliam, 1998; NCTE 
Assessment Task Force, 2013; Stiggins & Chappuis, 2006).  
According to Dr. Arnold (personal communication, December 2020), the district 
had more than twenty-eight thousand students in grades PreK-12. The average student to 
teacher ratio was 15:1. The total number of classroom teachers numbered nearly two 





four elementary, seven middle and five high schools in the district were invited to 
participate in the study. Participants were invited to take an online survey, the Teacher 
Data Use Survey (TDUS) which is described next. Each participant received a link to 
take the appropriate version of the survey according to whether they are elementary-, 
middle-, or high-school classroom teacher, administrator, or instructional coach. Table 
3.2 below summarily presents this information. 
Table 3.2 Data collection methods and the data sources  
Data Collection 








Elementary  ✔ ✔ ✔ 
Middle ✔ ✔ ✔ 
High ✔ ✔ ✔ 
 
 
Participation was voluntary and participants could withdraw their participation at 
any time and for any reason. The teachers’ work email enabled tracking survey 
completion and the ability to send reminders for participants to complete the survey. 
Table 3.3 shows the timeline for conducting various components of the research 
activities.  
Table 3.3 Timeline for Data Collection and the Associated Data Sources  
Data Source Date (2020-2921) Description 
Document Review 1 April 1 – Apr 30  Initial review of district documents 
 
Pilot TDUS April 1 – April 10 Pilot TDUS instrument 
 
TDUS May 1 Send out initial email invitation 





Data Source Date (2020-2921) Description 
Document Review 1 April 1 – Apr 30  Initial review of district documents 
 
May 15 Second follow-up email to non-
completers 
May 22 Third follow-up email to non-completers 
May 22  Close survey & start analysis of data. 
 
Data Analysis  July ‘20 – April ‘21 Analyze all data in preparation for 
writing up the dissertation. 
 
 
It was reasonable to assume that the teachers were familiar with the different state 
accountability and achievement assessments at their grade level. Typically, these 
assessments are administered school wide on publicized dates. It was further assumed 
that educators at middle school could access student’s elementary school historical data, 
if needed. Likewise, high school educators were also assumed to have the ability to 
access student data from earlier school years on a “need to know” basis. The school 
district provided all teachers with access to a database with historical performance data 
and transcripts for their current students with the ability to query the database on other 
students outside their current cohort if they have professional reasons to do so.  
The list of participants was obtained from the school district. The list was 
organized by school levels, school name and the roles of participants to enable matching 
the version of the survey with the participant at the targeted grade level and their role as 
either a classroom teacher, an administrator, or an instructional/data coach. 
It is important to note here that only teacher responses were analyzed for this 
study. Although administrator and instructional/data coach survey responses were also 
collected, their responses reported how they perceived classroom teachers to be using 





their responses were about classroom teacher knowledge and use of data and therefore 
these collected data spoke to the research questions. These data were not specifically used 
in this study but could be used in future research studies. Future research studies may 
include a closer look and investigation into what data and how the administrators and 
instructional/data coaches use those data in helping teachers effectively use data to 
inform instructional decisions, but the scope of the current study did not allow for that 
analysis.  
TDUS 
The Teacher Data-Use Survey (TDUS), developed by educational data use 
experts Wayman et al. (2016), was used to collect, analyze and produce descriptive 
statistics from which some contextual inferences were made regarding the use of data in 
the case study school district. The use of a survey in this project was deemed suitable 
based on criteria developed by Fowler Jr. (2014). 
 The purpose of the survey is to produce statistics about data use practices of 
classroom teachers, administrators, and instructional support staff of the school 
district. 
 The main way of learning how education personnel in the district use data is by 
asking them questions, whose answers constitute the data to be analyzed. 
 Information was collected from a fraction of the population of educators in the 
district’s schools (p.1). 
Consistent with extant research on data use practice recommendations of using multiple 
sources, data from the TDUS pulled together data from three different school levels: 





classroom teacher, instructional coaches and school principals or administrators. While 
some scholars posit that surveys or interviews alone do not go far enough in informing 
how teachers actually use data in ways that help explain how the “practice” of data use 
comes to be and how these best practices are incorporated into the organizational routines 
(Coburn & Turner, 2012; Little, 2012; Spillane, 2012), others, including Fink (2015), 
Fowler Jr. (2014), and Wayman, et al. (2016) suggest that well designed surveys can 
yield valuable data, fairly quickly, that may well inform pending decisions. An advantage 
of surveys lies in the power of their scalability and the volume of data that can be 
generated as compared to data from other methods, such as close examinations in situated 
interactions methods as suggested by Little (2012). It is not uncommon for large scale 
studies to employ teacher survey methods as one of the principal ways to gather teacher 
data (Light et al., 2005; U.S. Department of Education, 2009, 2010). Given the ubiquitous 
use of surveys in educational research and the relative low cost of using one in this 
project, this researcher chose to use the quantitative method of gathering data.  
Surveys are notoriously known for high non-response rates. According to Fink 
(2015), and Fowler Jr. (2014) the nonresponse rate may need to be mitigated to avoid 
bias in the results. In compliance with this recommendation, this researcher chose to 
increase participation by inviting all the educators in the district schools. To increase the 
likelihood of invited participants responding, the researcher asked the district to inform 
the principals of the schools to inform their staff to expect an invitation from this 
researcher, and to encourage them to participate in the research. The researcher also 





This survey instrument was adapted from one developed by a panel of expert 
researchers supported by the Regional Educational Laboratory (REL) Appalachia 
(Wayman et al., 2016). This instrument is called the “Teacher Data Use Survey” or 
TDUS for short. The instrument, along with guidelines for its use are available at the 
Institute of Educational Studies website: 
https://ies.ed.gov/ncee/edlabs/projects/project.asp?projectID=2461 or the government 
site: https://files.eric.ed.gov/fulltext/ED569169.pdf.  
The TDUS was used to query teachers, administrators, and instructional support 
staff about how teachers use data to make instructional decisions, their attitudes towards 
data and the supports available to help them use data. According to Wayman et al. 
(2016), this instrument was developed by a commissioned panel of data use experts, in 
response to a request from Metropolitan Nashville Public Schools for support to 
transform the school data use practices to a data-informed culture. The authors defined a 
data informed culture as one in which educators believe that multiple forms of data can 
be used to inform their practice (Wayman et al., 2016). They posited that the realization 
of such a culture requires strong support to teachers for data use and a disposition of 
positive attitudes towards using data. They designed the TDUS instrument to measure 
such characteristics, with the belief that knowledge of these characteristics could help 
schools and districts enculturate data use practices. The survey draws from the latest 
research on school data use and offers schools and districts a way to rigorously gauge 





The survey also enables querying about the supports available to teachers’ data use 
efforts (Wayman et al., 2016).  
According to the designers of the TDUS (Wayman et al., 2016), the data collected 
from the survey would provide insights into: 
 How teachers use different types of data 
 Teachers’ attitudes and beliefs towards data use 
 How teachers collaborate to use data 
 Data collaborative team interactions and trust 
 Availability of different supports to help teachers use data. 
The scales were designed to measure these constructs. 
Survey Versions  
TDUS was designed to be administered in three versions: classroom teacher (CT), 
school administrator (ADM) and instructional support staff such as instructional coaches 
(IC). The questions in each version were essentially the same except that they were 
modified to reflect the role of the respondent. For example, Question 1 asked about 
access to specific forms of data but phrased to reflect the role of the respondent as 
follows: 
 Teacher version: Are the following forms of data available to you? 
 Administrator version: Are the following forms of data available to your teachers? 
 Instructional Support staff version: Are the following forms of data available to the 
teachers you support? 
The TDUS was customized to stratify teachers according to school level: elementary, 





teacher, administrator, and instructional support staff versions to reflect the elementary, 
middle, and high school levels.  
Data Examined by the TDUS  
The TDUS examined the use of student data from the different sources as shown 
in Table 3.1 in above. Documents listing the assessments with their acronyms and full 
names for each of the assessments in South Carolina and the case study school district is 
given in Appendix A. The selection of the assessments specifically included in the survey 
came from a list provided by the school district’s Director of Accountability 
and Assessment and was comparable to the one provided to the researcher by SC 
Department of Education’s Office of Assessment. The list included the state/district 
assessments used in the school district at each grade level and included an option for 
respondents to name additional data sources the teacher may have routinely used in 
his/her practice, but not specifically listed in their TDUS version. 
Structure of the TDUS  
The survey had 20 items. Items 1-5 of the survey collected data about the 
availability and use of various forms of data: readiness, achievement, formative (all three 
forms are state- or externally- sanctioned) and individual teacher data generated 
internally from within the classroom, such as teacher made unit tests, quizzes, classwork, 
homework, projects etc. These items provided background information, from which 
selective follow-up questions that inform about teacher actions and practices would be 
presented. Items 6-9 each asked follow-up questions about teacher actions with data for 
each of the data forms already asked about in Items 1-5. Item 10 asked about support for 





principal leadership. Item 13 collected information about computer data systems. Item 14 
enquired about teacher data use competence. Item 15-17 asked about team collaboration 
around data. Item 18-20 were general questions asking for any extra information the 
respondent may have wanted to share, and if they would welcome follow-up questions.  
The TDUS organization provided nine scales as depicted in Table 1.1 in Chapter 
1 above. The scales utilized data from TDUS items 6 through 17 and were organized 
around the factors that are known to influence teacher actions with data, as reflected in 
the conceptual framework (See Figure 2.2. above).  
Survey Scales 
The following table maps the TDUS items to the research questions that they 
intended to address. 
Procedures 
The nine versions of the TDUS arising from the permutations of the teacher roles 
(classroom teacher (CT), administrator (ADM), and instructional coach (IC)) and the 
school levels (elementary (ES), middle (MS), and high school (HS)) helped to triangulate 
the data and provided insights that helped answer the research questions. This researcher 
is a teacher in the same school district being explored and subscribes to the position that 
advocates for teachers to be engaged in research of their own practice, thereby 
positioning themselves as creators of pedagogical knowledge rather than receivers of 
such knowledge from outside authorities (Taylor, 2017). Practicing teachers are the foot 
soldiers of the educational change that would enculturate data use practices. It was thus 
meritorious to be embedded in the school culture to closely observe and learn from the 





that the researcher could easily arrange for follow-up interviews or seek clarifications 
when necessary. Spillane (2012) categorizes aspects of organizational routines (OR) as 
ostensive and performative. According to Spillane, the ostensive aspect of OR focuses on 
the idealized and abstracted script for a routine (formal institutional procedure/structure), 
while the performative aspect focuses on the routine in practice in particular places at 
particular times (‘practice’ in context). As a teacher in the school district where data was 
collected, this researcher had an added contextual relevance of having an “on-the ground” 
advantage of being familiar with some institutional interactions and practices. This 
researcher is well placed to observe both the ostensive and performative aspects of data 
use in the district schools. It is hoped that data from the TDUS will enlighten the 
performative aspect of OR. The advantage in the ability to easily arrange for follow up 
with interview, focus groups or document analysis would have come in handy had the 
response rate been poor. The overall TDUS response rate was 56 % (See Table 3.4). In a 
highly cited research publication by Baruch (1999), the author reported finding an 
average survey response rate (RR) of 55.6% from 141 papers that included 175 studies. 
Baruch further observed that RR has been falling over the years. Based on such findings, 
this researcher decided to use only the quantitative data from the TDUS whose response 
rate was about 56%. 
Table 3.4 Counts and Response Rate of Participants by School Level and Role 
School   Count   Response Rate 
Level Role   Invited Bounced Responded  Inc. Bounced 
Excl. 
Bounced 






Once the proposal had been approved by the committee, an official application for 
research with the school district was filed. Provisional approval had already been given 
by the school district. After official approval by the school district, a small pilot 
administration of the survey was done. Two individuals from each school level and from 
each role, making a total of 18 teachers from the district, were randomly selected and 
asked to complete the survey. From the pilot TDUS administration feedback, minor 
revisions were made before the full administration of the TDUS was deployed. These 
pilot administration participants did not receive the officially employed TDUS again.  
After the pilot study, individual emails were sent to all other participants, 
informing, and asking them for their participation in the research, but not giving them the 
link to the survey yet. The link to the actual survey was subsequently sent in another 
email later. The first email communication served to identify any email addresses that 
may be no longer in service or that may have contained typographical errors. Participants 
whose email was successful the first time, without bouncing, got a second, follow up 
email with the link to the online survey, using the Survey Monkey platform. Participants 
 Teacher  898 55 428  48% 51% 
 Coach  30 3 21  70% 78% 
   992 69 484  49% 52% 
Middle Admin  35 7 21  60% 75% 
 Teacher  452 32 223  49% 53% 
 Coach  38 8 20  53% 67% 
   525 47 264  50% 55% 
High Admin  51 10 25  49% 61% 
 Teacher  459 46 263  57% 64% 
 Coach  23 3 10  43% 50% 
   533 59 298  56% 63% 





had up to twenty-one days to complete the survey. During that time, reminders to 
participants who had not taken the survey were sent every five days, for no more than 
three reminders.  
Once the deadline was reached, the survey was closed, and the data was 
downloaded for analysis. Participants who completed the survey automatically received a 
‘thank you’ email from the survey software for their participation. 
Research Questions  
The research sought to answer the following two questions: 
1. What data do teachers use and how do teachers use them to support 
instructional decisions? 
2. Given the expectations for increased data use for instructional decision 
making, what effects, if any, do district teachers’ perceptions on the levels of 
organizational supports, their own attitudes, beliefs, and competence, and trust 
among data team members, have on their capacity to use data?  
Data Analysis 
The quantitative data from the TDUS was organized and analyzed and the results 
were used to discuss findings as they relate to the research questions. Before presenting 
the results and later discussing findings, a description of the data collected from TDUS 
and the analyses considered are presented first.  
Survey Data 
The TDUS items were organized to yield data form responses to statements in the 
style of the commonly used Likert scales, as described in a previous section above: 





least 5 categories (Allen & Seaman, 2007). However, according to Allen and Seaman 
(2007), it is common to reduce the number of categories to four, when the desire is to 
force choice, as opposed to an odd number of response choices that encourages some 
users to select the middle response, typically the ‘neutral’ position response. The TDUS 
forces choice by providing an even number of response choices. According to the 
developers of the TDUS, a pilot study showed that the TDUS scale measures were 
reliable, with Cronbach alpha values well above 0.80 (Wayman et al., 2016). The 
instrument further assumed that the treatment of data from the scales as interval level was 
justified, as there were underlying continuous variables whose value represented the 
respondents’ opinions or attitudes (Classen and Dormody, in Allen & Seaman, 2007). 
Brown (2011) supports the treatment of Likert scales data at interval level of 
measurement and points out as a common mistake, when authors refer to both “Likert 
item type” items and “Likert scales” as Likert scale. According to Brown (2011), Likert 
scales are sums or averages of the results on sets of Likert items. Harpe, (2015) supports 
this distinction, emphasizing that “Likert scale” should be used to refer to aggregated 
scale composed of a group of items, and recommends that aggregated rating scales be 
treated as continuous data. Joshi, Kale, Chandel, and Pal (2015) also concluded that if the 
survey items are combined to generate a composite score, then the assigned scale can be 
treated as an interval level scale. Based on these arguments, and according to Norman 
(2010) and Sullivan and Artino (2013), parametric statistics are robust with respect to 
normality and sample size concerns and can be safely used even with Likert scales data. 
This study thus treated the scales data as interval and applied appropriate parametric 





to produce some graphical representations of the statistical analyses such as the scatter 
plots, histogram, normal probability plot and some tables, as well as running some 
inferential statistics. Microsoft Excel was also used to make some tables and some bar 
graphs.  
Descriptive Statistics 
As part of data analysis, some descriptive statistics were calculated and presented. 
Detailed tables included at the end of Chapter 4, the results chapter, show some 
descriptive statistics from the different scales. Tables that make the description or 
explanation clearer are included in the narrative text to enhance clarity. The statistics 
reported in the tables represent simple numerical summaries used to examine teachers’ 
perspectives with regards to D3M best practices. Quantitative data collected using a 
survey instrument that combines related items into Likert scales are appropriate to 
provide some quantified measures of attributes of interest (Fink, 2015). They statistical 
summaries included frequency distributions, the mean as measure of central tendency, 
along with the standard deviation for a measure of dispersion. Frequency distributions 
along with bar graphs were used to reveal patterns such as what data was most or least 
frequently used by educators. The bar graphs were included in the text narrative while 
most tables were paced in Appendix A. Summary tables with means and standard 
deviations are also included in Appendix A. Comparative graphs for the means of each of 
the nine scales and/or the five composite scales, as outlined in Table 1.1, are presented to 
enable visual comparison of the scale results by school level and teacher role.  
In this study, these descriptive statistics typified the kind of data used the most by 





level of data use competence (CIUD), attitudes and beliefs (ATD), organizational 
supports for data use (OSDU), as well as collaborative team trust in working with data 
(CTT). Other measures that are reported include scale reliability measures (using 
Cronbach alpha) see Table 3.5, Some error analysis (standard error of the means and 
some confidence intervals for the scale means) are included on scales such that are used 
in inferential statistics (see next section).  
Table 3.5 TDUS Scale Reliability Coefficients (Cronbach Alpha) 
Scale Scale/subscale description Survey Items 
Cronbach Alpha 
Value 
    Actions With learning readiness data 
 
6a - 6h 0.950 
 With achievement data (AOD7) 7a - 7h 0.948 
 With formative assessment data 
 
8a - 8h 0.939 
 With individual teacher student 
  
9a - 9h 0.909 
 With collaborative teams 
 
17a - 17j 0.937     
Attitudes Effectiveness for pedagogy 
 
11a - 11e 0.879 
 Attitudes towards data (ATD11fi) 11f - 11i 0.923 
        
Organizational 
Support 
Data use (OSDU10) 10a - 10f 0.861 
Principal leadership (OSDU12) 12a - 12f 0.901 
Computer data systems 
 
13a - 13e 0.890    
Competence  Data use (CIUD14) 14a - 14d 0.914     
Trust Collaborative team trust (CTT16) 16a - 16e 0.889 
    
Note. The table shows the reliability coefficients of each scale. The number part of the 
scale acronym indicates the item number in TDUS and the letters under survey item 
indicates the items that comprise that scale. The TDUS items are in the survey versions 






Since this research was exploratory and a priori, data gathered sought to reveal 
patterns of data use practices in the district rather than proving a claim. As such, 
inferential statistical analyses were not expected beyond the investigation of the 
usefulness of the D3M model components that the literature review revealed as being 
important factors in enculturating data use practices by teachers. These factors include 
the components: CIUD, ATD, OSDU, and CTT. To that end, a regression model was 
used. The multiple regression model (MRM) was selected to allow exploration of the 
most influential component of the ones included in D3M model presented here, in 
explaining the variation in actions on data (AOD). AOD is the center piece of the D3M 
model. SPSS software’s HRM procedure was used to check assumptions, which were 
verified to have been met. The procedure was applied, and the results were reported in 
Appendix B.  
Conclusion 
Classroom teachers (CT) routinely collect and use lots of different data including 
RD, AD, FAD and ITSD. The list of such data sources cannot be practically included in 
its entirety in a survey such as the TDUS. This would make the survey too long. The data 
forms that were included in the TDUS were the ones most frequently used at each grade 
level. There was enough variety included in the list that it was expected that every 
teacher, including the ones that may be new to the district, would be able to find at least 
some data source to which they had access. Participation was voluntary and participants 
were notified ahead of time, via an email, of the authorization of the research project by 





happens when people receive ‘unexpected’ emails in their inboxes. When that happens, 
people typically ignore or delete as the email, assuming it to be spam mail.  
Careful consideration was made for the presentation of TDUS online, to enable 
logical and skip progression (for example skipping non-applicable items), is applicable. 
Depending on the responses to certain items, respondents were directed to a different part 
of the survey that best logically followed their response to a previous item. Results will 
be presented in the next chapter, followed by the final Discussion chapter to share 






Once the proposal was accepted by the committee, the researcher asked the 
district officer for accountability for a data base of all educators in the district and to put 
the schools’ administrators on notice that they and their teachers would be receiving an 
invitation to participate in a district authorized research project. The researcher then sent 
a notice to all the potential participants asking them to look out for an invitation and link 
to participate in one of the versions of the survey as determined by the school level and 
educator role. The researcher used mail merge to personalize the invitations. Table 3.4 
above summarizes the count and response rate from participants in the TDUS.  
Two thousand and fifty educators were invited to participate. Based on this 
number, which includes 175 emails that bounced, response rate was 51% (1046 recorded 
responses out of 2050 invited). However, if the response rate is based on the participants 
assumed to have received the email invitation (emails did not bounce), the response rate 
improves to 56%) 1046 out of 1875). These results are reported in Table 3.4 above. 
Descriptive Statistics: TDUS Items and Scales  
The data analysis results are presented in this section. Interpretation of the results 
and how these results inform the research questions will be presented in the next section, 
the discussion chapter. The presentation of the results of data analysis is by TDUS items 
and scales, putting together those items of subscales that make up the composite scale. 





descriptive statistics that will be presented in this section. Before the TDUS item specific 
summaries are presented, it is worth noting from the table of reliability coefficients for 
the scales that was presented in Table 3.5 above, that these values, calculated using the 
SPSS software, showed a very item high reliability. The Cronbach Alpha values were all 
acceptable and ranged from 0.879 to 0.950. 
The descriptive statistics are reported for each TDUS scale. Except for TDUS 
Item 1 that uses responses from all participants at all levels, the rest of the analysis results 
reported here were based only on responses from classroom teachers. Classroom teachers 
alone make up more than eighty-seven percent of the TDUS respondents. Given the 
research questions focused on teachers and their perceptions, it was appropriate to only 
focus on their responses in this study. A visual inspection of the statistics of responses 
from administrators’ and instructional coaches’ reveal and confirm the trends observed 
from classroom teachers’ data. The focus in this exploratory study was on classroom 
teachers, with data from non-classroom educators is collected and summarized to show 
corroboration of the classroom teachers’ perceptions on data use. Their comparative 
statistics are given in the tables, without going into greater details as done with classroom 
teacher data, in order to keep this section reasonably short. Detailed tables are given in 
the tables presented in the text narrative or at the end of the chapter like in Chapter 4. 
Differences in reported sample size for some TDUS items were due to some teachers 
skipping some of the items. The reported sample sizes reflect only the number of teachers 
who responded to the survey item. 
Items in the TDUS are Likert style items with ordinal values selected in responses 





standard error values were calculated for each item or each scale made up of several 
Likert items. These results are reported. They will be used to inform a response in 
addressing the research questions later, in then discussion section.  
Because the following acronyms are used throughout this section, it is best to list 
and describe them here for convenience and quick reference as needed. Table 4.1 below 
describes the acronyms used. 
Table 4.1 Acronyms for Data Types, Teacher Role and School Level 
Acronym Description 
  AD  Achievement data (mostly from summative, state (accountability) 
t ) 
ADM  Administrator (principal, administrator, or their assistant) 
CT  Classroom teacher 
ES  Elementary school (grades PK-5) 
FAD  Formative assessment data (from benchmarks and other grade/school wide 
tests) 
HS  High school (grades 9-12)  
IC  Instructional coach (instructional coach, data coach, instructional support staff) 
ITSD  Individual teacher student data (teacher’s own data from classroom activities) 
MS  Middle school (grades 6-8) 
OD  Other forms of data not included in RD, AD, FAM, or ITSD 
R2 School district (all participants in TDUS from all school levels and positions)  
RD 










TDUS Item 1: Access to Different Forms of Data 
Responses on data access showed that teachers at all levels largely have access to 
all the forms of data included in this TDUS. All participants overwhelmingly indicated 
having access to their own data (Teacher) such as teacher made assessments, 
observations, and behavior reports, followed closely by formative assessment data 
(Formative), such as homework, check for understanding quizzes, and within lesson 
activities. Table 4.2 below shows the results by count and proportion of participants at all 
school levels and school positions. 
Table 4.2 Access to Different Forms of Data by School Level and Role 




position Readiness Achievement Formative Teacher 
  n % n % n % n % n % 
Elementary           
 Admin 35 97% 33 92% 36 100% 36 100% 36 7% 
 Teacher 343 80% 289 68% 389 91% 416 97% 427 88% 
 Coach 18 86% 17 81% 19 90% 20 95% 21 4% 
Middle            
 Admin 21 100% 21 100% 21 100% 21 100% 21 8% 
 Teacher 210 94% 193 87% 213 96% 223 100% 223 84% 
 Coach 20 100% 19 95% 20 100% 20 100% 20 8% 
High             
 Admin 27 96% 28 100% 26 93% 28 100% 28 9% 
 Teacher 191 73% 178 68% 216 83% 246 95% 260 87% 
 Coach 8 80% 8 80% 10 100% 10 100% 10 3% 
 
TDUS Item 2: Data Use Frequency 
There were 839 classroom teachers who completed this TDUS item. Results from 





showed that ITSD is used most frequently. The mean frequency use value of 3.98 (1.08), 
indicated that classroom teachers use their own data almost once a week. FAD, with a 
mean of 2.70 (1.16) indicated these data were used about once a month. RD and ADS 
were used less frequently at less than once a month. Their respective means were 1.90 
(0.92) and 1.82 (0.89). These results were based on the sample size that represented all 
the district teachers (R2) who responded to this survey item. The bar graph in Figure 4.1 
below gives a visual comparison of these statistics. 
 
Figure 4.1 Mean Frequency Use of Different Data Types 
Table 4.3 below gives the mean frequency of use for each of the forms of data by 





Table 4.3 Mean Number of Times Educators use Different Forms of Data 





Administrator (ADM) 34 M 2.24 2.27 3.47 3.74 
   
SD 0.65 0.72 0.86 1.08  
Classroom Teacher 
(CT) 
390 M 1.90 1.75 2.93 4.03 
   
SD 0.94 0.85 1.14 1.11  
Instructional coach 
(IC) 
19 M 2.53 2.00 2.78 3.63 
   
SD 0.90 0.75 0.94 1.26  
Total 443 M 1.95 1.80 2.96 3.99    
SD 0.93 0.85 1.12 1.12 
High (HS) Administrator (ADM) 25 M 2.40 2.28 3.04 3.96    
SD 0.87 0.79 1.10 0.98  
Classroom Teacher 
(CT) 
244 M 1.59 1.76 2.17 3.97 
   
SD 0.82 0.94 1.11 1.09  
Instructional coach 
(IC) 
9 M 2.00 2.00 2.67 4.11 
   
SD 0.87 0.50 0.87 0.78  
Total 278 M 1.67 1.81 2.27 3.97   
 SD 0.86 0.93 1.13 1.07 
Middle (MS) Administrator (ADM) 21 M 2.57 2.43 3.43 4.29   
 SD 0.60 0.51 0.81 0.78  
Classroom Teacher 
(CT) 
206 M 2.28 2.01 2.87 3.91 
  
 SD 0.88 0.87 1.07 1.10  
Instructional coach 
(IC) 
20 M 2.95 2.89 3.50 4.15 
   
SD 1.05 1.05 0.89 0.75  
Total 246 M 2.36 2.12 2.97 3.96    
SD 0.89 0.89 1.05 1.05 
District (R2) Administrator (ADM) 80 M 2.38 2.32 3.33 3.95    
SD 0.72 0.69 0.94 0.99  
Classroom Teacher 
(CT) 
839 M 1.90 1.82 2.70 3.98 
   
SD 0.92 0.89 1.16 1.10  
Instructional coach 
(IC) 
48 M 2.60 2.36 3.06 3.94 
   





School Level Teacher role n Statistic RD AD FAD 
ITS
D  
Total 966 M 1.98 1.89 2.77 3.98   
 SD 0.93 0.89 1.15 1.08 
Note. RD = readiness data, AD = achievement data, FAD = formative assessment data, 
ITSD = individual teacher student data. 
 
TDUS Item 3: Other Types of Data 
Participants were also asked to name some of the data sources they had access to, 
besides the ones specifically named in the TDUS. A diverse list of such sources was 
given by respondents. Some such ‘other’ sources of data were progress monitoring 
programs such as Easy CBM (Curriculum Based Measurement), Mastery Connect, and 
Open Court Benchmark. These are mostly online programs that monitors, track and 
provide benchmark data on student progress, and are commonly used in K-12 school 
system. Respondents also wrote in Standard Based Assessments (SBA) and Edgenuity. 
SBA use standards such as the common core state standards (CCSS) and provide teachers 
with a way to identify the most important concepts, a way to evaluate and give actionable 
feedback to students on their performance and provide ways to revise and review 
important concepts. Edgenuity offers similar online tools that offer remediation, 
enrichment, and progress monitoring for K-12 as well. Other popular mentions included 
teacher observations of students, anecdotal data, grades and grade reports from other 
classes, student journals and weblogs, behavior reports, parent surveys and student 





TDUS Item 4: Usefulness of Data 
 In response to this item, 842 classroom teachers ranked these four data forms in 
order of usefulness for their practice from most useful down to least useful as follows: 
ITSD (useful), FAD (useful, but less so than ISTD), RD (somewhat useful) and AD 
(somewhat useful but less useful than RD). On a scale of 1 to 4 with 1 denoting “not 
useful”, and 4 “very useful”, the classroom teachers means for ITSD, FAD, RD and AD 
were 3.45 (0.78), 2.80 (1.00), 2.09 (0.97) and 2.04 (0.95) respectively, while those of the 
combined sample, including non-classroom teachers, in the same order were 3.46 (.77), 
2.88 (.99), 2.16 (.97) and 2.10 (.95). In all cases, the means of the non-classroom teachers 
were above those of classroom teachers, indicating them to be more optimistic about data 
usage than classroom teachers. Teachers revealed that their own data were most useful, 
followed by formative assessment data and then readiness data. Achievement data was 
deemed the least useful. These results are shown in Figure 4.2 below. 
 
Figure 4.2 Mean Usefulness of Different Data Types 
The trend is like that of TDUS item 2 above. Detailed statistics are reported in 





Table 4.4 Perception of the Usefulness of the Different Forms of Data  
School Level Teacher role n Statistic RD AD FAD ITSD 
Elementary (ES) Administrator (ADM) 34 M 2.41 2.35 3.71 3.65    
SD 0.86 0.88 0.58 0.65  
Classroom Teacher (CT) 391 M 2.11 1.95 2.91 3.42    
SD 1.02 0.94 0.99 0.78  
Instructional coach (IC) 19 M 2.47 1.74 3.16 3.11    
SD 0.84 0.73 0.96 0.94  
Total 444 M 2.15 1.97 2.98 3.43    
SD 1.00 0.93 0.98 0.78 
High (HS) Administrator (ADM) 25 M 2.72 2.68 3.16 3.52    
SD 0.89 0.75 0.80 0.65  
Classroom Teacher (CT) 245 M 1.85 2.06 2.48 3.43    
SD 0.90 0.98 1.03 0.84  
Instructional coach (IC) 9 M 2.89 2.56 3.00 3.56    
SD 0.93 0.53 1.00 0.53  
Total 279 M 1.96 2.13 2.56 3.44    
SD 0.95 0.96 1.03 0.82 
Middle School (MS) Administrator (ADM) 21 M 2.95 2.95 3.62 3.76    
SD 0.80 0.80 0.59 0.44  
Classroom Teacher (CT) 206 M 2.33 2.18 2.98 3.51    
SD 0.88 0.93 0.89 0.68  
Instructional coach (IC) 20 M 2.70 2.65 3.50 3.55    
SD 0.73 0.75 0.61 0.69  
Total 247 M 2.41 2.28 3.08 3.54    
SD 0.88 0.93 0.88 0.67 






School Level Teacher role n Statistic RD AD FAD ITSD    
SD 0.87 0.85 0.69 0.60  
Classroom Teacher (CT) 842 M 2.09 2.04 2.80 3.45    
SD 0.97 0.95 1.00 0.78  
Instructional coach (IC) 48 M 2.65 2.27 3.27 3.38    
SD 0.81 0.82 0.84 0.79  
Total 970 M 2.16 2.10 2.88 3.46    
SD 0.97 0.95 0.99 0.77 





TDUS Item 6, 7, 8, 9, and 17: Actions on Data  
There are five scales that measure the central component of the D3M model, the 
actions teachers take on data (AOD). Four of these scales relate to direct actions that 
classroom teachers take on different forms of data either individually or collaboratively. 
The four scales are on RD, AD, FAD and ITSD. The acronyms for these are AWRD, 
AWAD, AWFAD and AWITSD, respectively. The fifth scale contains items that specify 
some actions taken in collaborative teams. This scale will be abbreviated (ACT). Thus, 
the composite AOD, is composed of the five scales enumerated above. Results of each of 
these scales are reported next. In this section there are eight items (actions) that make up 
the scale. Table 4.5 below shows the acronyms used to identify these actions. 
Table 4.5 Acronyms for Actions with Data Scales 
Acronym Description 
AWAD Action with student achievement data 
AWFAD Actions with student formative assessment data 
AWITSD Actions with individual teacher student data 
AWRD Actions with student readiness data 
DP Discuss with a parent or guardian  
DS Discuss with a student 
ID Identify instructional content to use in class 
IN Tailor instruction to individual students’ needs 
MC Meet with a specialist about this data  
MT Meet with another teacher about this data 
RAS Develop recommendations for additional instructional support 
SG Form small groups of students for targeted instruction  





In items 6 through 9 the means represent values calculated from scale whose 
items’ response values are from 1 to 4. These values represent performing the action 
stated in the item with the frequency denoted as follows: 1 = “one or two times a year”, 2 
= “a few times a year”, 3 = “monthly” and 4 = “weekly”. 
TDUS Item 6: AWRD - Actions on RD 
Results showed that 715 classroom teachers took minimal action on RD. On 
average, these data were used a few times a year. The eight actions listed in Table 4.5 
above, ranked from the most to least frequently performed actions had IN at the top, with 
mean (standard deviation) of 2.50 (1.26). This meant that using data to tailor instruction 
to individual student needs occurred less than once a month. Next was SG, at 2.39 (1.22) 
showing that this was also performed less frequently than once a month and less often 
than IN. RAS ranked third at 2.30 (0.98), less than once a month and less often than SG. 
Action DS was fourth at 2.21 (1.09) also occurring less than once a month also, but even 
less often than RAS. ID at 2.18 (1.19), MT at 2.05 (1.06), and DP at 2.02 (1.01) were also 
all performed less that once a month. The least frequent action was meeting with a 
specialist about data (MC). This occurred only about once or twice a year. These results 
showed that teachers do not use these data frequently. Comparisons of these actions are 
depicted in Figure 4.3. In all the actions included in the scale, administrators and 






Figure 4.3 Mean of Action with Readiness Data (RD) 
A complete table for all levels and roles is given in Table 4.6 below, including 






Table 4.6 Mean Frequencies of Actions with Readiness Data 
        Survey Scale Item 
School 
Level Teacher role n Statistic ID IN RAS SG DP DS MS MT 
Elementary (ES)  
Administrator (ADM) 33 M 2.21 2.58 2.34 2.48 1.82 2.06 2.15 2.21    
SD 1.24 1.32 1.21 1.28 0.85 1.12 1.09 1.22  
Classroom Teacher (CT) 324 M 2.29 2.61 2.43 2.57 2.02 2.17 2.00 2.07    
SD 1.21 1.28 1.15 1.25 0.98 1.22 0.92 1.06  
Instructional coach (IC) 17 M 2.28 2.72 2.50 2.83 2.00 1.94 2.53 2.40    
SD 0.89 1.02 0.79 0.92 0.77 1.03 0.80 0.74  
Total 374 M 2.28 2.62 2.43 2.57 2.00 2.15 2.04 2.10    
SD 1.20 1.27 1.14 1.24 0.96 1.20 0.94 1.07 
High School (HS)  
Administrator (ADM) 21 M 2.87 3.00 2.71 3.04 2.85 2.90 2.63 2.95    
SD 1.14 1.09 1.23 1.19 1.18 1.25 1.07 1.00  
Classroom Teacher (CT) 207 M 1.96 2.32 2.07 2.14 1.94 2.28 1.73 1.85    
SD 1.18 1.25 1.15 1.16 1.01 1.24 0.87 0.99  
Instructional coach (IC) 8 M 1.75 1.63 1.63 1.75 1.75 1.75 1.75 1.88    
SD 1.16 1.06 0.74 1.04 0.89 1.16 0.89 0.83  
Total 236 M 2.04 2.36 2.11 2.21 2.01 2.32 1.81 1.95    
SD 1.21 1.25 1.16 1.19 1.05 1.25 0.92 1.03 
Middle School (MS)  
Administrator (ADM) 21 M 2.62 2.86 2.71 3.05 2.33 2.43 2.52 2.90    
SD 1.07 1.35 1.19 1.07 0.97 1.12 0.87 1.18  





        Survey Scale Item 
School 
Level Teacher role n Statistic ID IN RAS SG DP DS MS MT    
SD 1.13 1.23 1.13 1.17 1.05 1.13 0.90 1.10  
Instructional coach (IC) 18 M 3.17 3.17 2.94 2.94 2.83 2.71 2.72 3.11    
SD 1.10 1.10 0.94 1.00 0.99 0.99 1.07 1.13  
Total 223 M 2.34 2.59 2.41 2.46 2.19 2.25 2.12 2.38 
 
  
SD 1.15 1.24 1.13 1.17 1.05 1.13 0.94 1.14 
District (R2)  
Administrator (ADM) 75 M 2.52 2.78 2.55 2.81 2.24 2.39 2.38 2.62    
SD 1.19 1.26 1.21 1.21 1.06 1.19 1.04 1.19  
Classroom Teacher (CT) 715 M 2.18 2.50 2.30 2.39 2.02 2.21 1.93 2.05    
SD 1.19 1.26 1.16 1.22 1.01 1.20 0.91 1.06  
Instructional coach (IC) 43 M 2.55 2.70 2.52 2.68 2.30 2.21 2.47 2.61    
SD 1.15 1.17 0.95 1.05 0.98 1.09 0.98 1.05  
Total 834 M 2.23 2.54 2.33 2.44 2.05 2.23 2.00 2.13    
SD 1.19 1.26 1.15 1.21 1.01 1.19 0.94 1.09 




TDUS Item 7: Actions on AD 
The same teacher actions considered for RD were used even less frequently on 
AD. Six hundred and eighty-three teachers reported using them once or twice a year. All 
the means were less than 2.00 and when used at all, these data were used to individualize 
instruction as needed (IN), to form small group for targeted instruction (SG), to identify 
content (ID) and to develop recommendations for additional instructional support (RAS). 
The bar chart in Figure 4.4 shows the comparisons of the means.  
 
 
Figure 4.4 Mean of Action with AD 






Table 4.7 Mean Frequencies of Actions with Achievement Data 
        Survey Scale Item 
School Level Teacher role n Statistic ID IN RAS SG DP DS MS MT 
Elementary (ES)  
Administrator (ADM) 32 M 1.73 1.81 1.78 1.81 1.26 1.41 1.50 1.68    
SD 0.84 0.90 0.83 0.97 0.58 0.76 0.76 0.87  
Classroom Teacher (CT) 307 M 1.75 1.86 1.76 1.85 1.42 1.57 1.39 1.49    
SD 0.95 1.00 0.91 1.00 0.72 0.87 0.60 0.75  
Instructional coach (IC) 14 M 1.21 1.50 1.33 1.53 1.00 1.00 1.00 1.15    
SD 0.43 0.76 0.49 0.64 0.00 0.00 0.00 0.55  
Total 353 M 1.73 1.84 1.75 1.83 1.38 1.54 1.38 1.49    
SD 0.93 0.98 0.89 0.99 0.69 0.85 0.61 0.76 
High School (HS)  
Administrator (ADM) 22 M 2.50 2.55 2.41 2.59 2.20 2.33 2.00 2.45    
SD 0.60 0.67 0.67 0.91 1.15 1.06 0.76 0.74  
Classroom Teacher (CT) 202 M 1.74 1.80 1.75 1.71 1.35 1.71 1.36 1.50    
SD 0.94 0.99 0.95 0.97 0.68 0.96 0.64 0.76  
Instructional coach (IC) 8 M 2.00 1.63 1.75 1.38 1.38 1.50 1.50 1.63    
SD 0.76 0.74 0.71 0.52 0.74 0.76 0.53 0.52  
Total 232 M 1.82 1.86 1.82 1.78 1.43 1.76 1.42 1.60    
SD 0.93 0.98 0.93 0.99 0.77 0.98 0.68 0.80 
Middle School (MS)  
Administrator (ADM) 21 M 2.05 2.19 2.05 2.19 1.71 1.80 2.00 2.14    
SD 0.97 0.98 0.97 0.98 0.90 0.95 1.00 1.06  
Classroom Teacher (CT) 173 M 1.80 1.92 1.85 1.84 1.51 1.73 1.55 1.80    





        Survey Scale Item 
School Level Teacher role n Statistic ID IN RAS SG DP DS MS MT  
Instructional coach (IC) 15 M 2.33 2.60 2.33 2.27 2.13 2.07 2.07 2.40    
SD 0.98 0.99 0.90 0.80 0.83 0.88 0.70 0.83  
Total 209 M 1.87 2.00 1.90 1.91 1.57 1.76 1.64 1.88 
 
  
SD 0.96 1.01 0.95 0.94 0.75 0.92 0.80 0.94 
District (R2)  
Administrator (ADM) 74 M 2.04 2.13 2.04 2.15 1.65 1.78 1.79 2.04   
 SD 0.87 0.91 0.86 1.00 0.94 0.98 0.86 0.94  
Classroom Teacher (CT) 683 M 1.76 1.86 1.78 1.81 1.42 1.65 1.42 1.57   
 SD 0.95 1.00 0.93 0.98 0.70 0.91 0.66 0.81  
Instructional coach (IC) 37 M 1.84 1.97 1.82 1.79 1.53 1.54 1.53 1.78   
 SD 0.90 0.99 0.83 0.78 0.80 0.80 0.69 0.87  
Total 794 M 1.79 1.89 1.81 1.84 1.45 1.66 1.46 1.63   
 SD 0.94 0.99 0.92 0.98 0.73 0.91 0.69 0.84 




TDUS Item 8: AWFAD - Actions on FAD 
 Results for FAD showed slightly higher means, indicating that FAD was used 
relatively more frequently to complete the same actions discussed in this section. Usage 
frequency of these data exceeded that of RD and AD. Some teachers skipped this item. 
There were 685 teachers who completed this TDUS item. Like AD, the most frequent 
actions are individualizing instruction (IN), forming small groups for targeted instruction 
(SG), identifying content (ID), and developing recommendations for additional support 
(RAS).  
At best, actions with these data are a few times a year. The results are shown in the bar 
chart in Figure 4.5 below. 
 
Figure 4.5 Mean of Action with FAD 
More details are given in Table 4.8 below, including statistics for the 




Table 4.8 Mean Frequencies of Actions with Formative Assessment Data 
        Survey Scale Item 
School Level Teacher role n Statistic ID IN RAS SG DP DS MS MT 
Elementary (ES)  
Administrator (ADM) 32 M 2.88 2.91 2.72 2.91 2.16 2.41 2.34 2.50   
 SD 0.75 0.69 0.63 0.64 0.88 0.95 0.79 0.72  
Classroom Teacher (CT) 311 M 2.34 2.45 2.32 2.41 1.66 1.99 1.69 1.84   
 SD 0.90 0.91 0.87 0.95 0.77 0.95 0.72 0.89  
Instructional coach (IC) 15 M 2.40 2.47 2.13 2.73 1.40 1.86 1.80 1.85   
 SD 0.83 1.06 1.06 1.03 0.63 0.77 0.41 0.80  
Total 358 M 2.39 2.49 2.34 2.46 1.69 2.02 1.75 1.90   
 SD 0.89 0.91 0.87 0.94 0.79 0.95 0.74 0.89 
High School (HS)  
Administrator (ADM) 22 M 2.45 2.59 2.41 2.59 1.95 2.43 2.10 2.50    
SD 0.86 0.85 0.80 0.85 1.07 1.03 0.94 0.96  
Classroom Teacher (CT) 203 M 1.94 1.98 1.84 1.85 1.48 1.91 1.44 1.66    
SD 1.03 1.05 1.01 1.03 0.83 1.06 0.79 0.91  
Instructional coach (IC) 8 M 2.38 2.38 2.38 1.63 1.75 2.00 1.71 2.13    
SD 0.52 0.74 0.52 0.74 0.89 0.93 0.76 0.83  
Total 233 M 2.00 2.05 1.91 1.91 1.53 1.96 1.51 1.76    
SD 1.01 1.04 1.00 1.03 0.86 1.06 0.82 0.94 
Middle School (MS)  
Administrator (ADM) 20 M 2.80 2.80 2.75 2.75 2.00 2.40 2.00 2.70    
SD 0.89 0.89 0.91 0.91 0.92 0.94 0.86 0.80  
Classroom Teacher (CT) 171 M 2.19 2.24 2.12 2.09 1.62 1.96 1.66 1.99    





        Survey Scale Item 
School Level Teacher role n Statistic ID IN RAS SG DP DS MS MT  
Instructional coach (IC) 15 M 2.53 2.67 2.40 2.27 2.21 2.29 1.93 2.60    
SD 0.74 0.72 0.83 0.70 0.80 0.99 0.80 0.83  
Total 206 M 2.27 2.33 2.20 2.17 1.70 2.02 1.71 2.10 
 
  
SD 0.92 0.97 0.94 0.95 0.87 0.97 0.81 0.95 
District (R2)  
Administrator (ADM) 74 M 2.73 2.78 2.64 2.77 2.05 2.41 2.18 2.55    
SD 0.83 0.80 0.77 0.79 0.94 0.96 0.86 0.81  
Classroom Teacher (CT) 685 M 2.18 2.26 2.13 2.16 1.59 1.96 1.61 1.83    
SD 0.96 0.99 0.95 1.00 0.81 0.98 0.77 0.92  
Instructional coach (IC) 37 M 2.45 2.53 2.29 2.32 1.78 2.06 1.84 2.22    
SD 0.72 0.86 0.87 0.93 0.82 0.89 0.65 0.87  
Total 796 M 2.24 2.32 2.18 2.23 1.65 2.01 1.67 1.91    
SD 0.95 0.98 0.94 1.00 0.83 0.98 0.79 0.93 




TDUS Item 9: AWITSD - Actions on ITSD 
Unlike the previous data forms, 716 teachers reported some monthly activities on 
these data. Like RD, AD and FAD, the top four data actions on teacher’s own data 
indicated actions around individualized instruction (IN) at a mean (standard deviation) of 
3.12 (0.90), identifying content to use in class (ID) at 3.08 (0.93), developing 
recommendations for additional instructional support (RAS) at 2.89 (0.95) and forming 
small groups for targeted instruction (SG) at 2.87 (0.98). These actions were performed 
weekly (mean above 3.0) or almost weekly (mean close to but less than 3.0), on average. 
Unlike in the case of RD, AD and FAD, classroom teachers also noticeably indicated that 
they used their own data (ITSD) to discuss with students (DS), meet with another teacher 
to discuss data (MT) and to discuss with a parent or a guardian (DP). The least frequent 
action on these data, meeting with an instructional coach or data specialist (MC) received 
higher ratings that any actions associated with achievement data (AD). These data were 
least used (a few times a year) for MC as indicated by the mean of 1.92 (0.90). Figure 4.6 
below shows these statistics in a bar chart. The first four actions: ID, IN, RAS and SG 
show higher mean actions than the rest of the other actions. The presented figure is 
immediately followed by the presentation of a detailed table, Table 4.9 below, which 
shows the statistics of actions that educators take with different forms of data. The 
statistics shown in that table include those of the administrators’ and instructional 













Table 4.9 Mean Frequencies of Actions with Individual Teacher Student Data  
        Survey Scale Item 
School 
Level Teacher role n Statistic ID IN RAS SG DP DS MS MT 
Elementary (ES)  
Administrator (ADM) 32 M 3.16 3.22 3.19 3.16 2.44 2.90 2.39 2.45    
SD 0.88 0.79 0.78 0.77 0.88 0.75 0.72 0.81  
Classroom Teacher (CT) 317 M 3.20 3.24 2.99 3.08 2.19 2.72 1.96 2.27    
SD 0.86 0.83 0.90 0.89 0.97 0.99 0.94 0.99  
Instructional coach (IC) 17 M 2.82 2.94 2.82 3.06 1.88 2.31 1.88 2.12    
SD 1.13 0.97 0.81 0.97 0.99 1.14 0.60 0.93  
Total 366 M 3.18 3.23 3.00 3.08 2.20 2.72 1.99 2.28    
SD 0.88 0.84 0.88 0.88 0.96 0.98 0.92 0.97 
High School (HS)  
Administrator (ADM) 20 M 3.14 3.15 3.10 3.05 2.30 3.05 2.35 2.67    
SD 0.79 0.81 0.72 0.74 1.03 0.89 0.99 0.80  
Classroom Teacher (CT) 213 M 2.92 2.97 2.72 2.61 2.11 2.62 1.82 2.12    
SD 1.03 0.97 1.04 1.06 1.01 1.02 0.98 1.01  
Instructional coach (IC) 8 M 3.00 3.00 2.63 2.25 2.25 2.38 1.75 2.25    
SD 0.76 0.76 0.92 0.89 0.71 0.74 0.46 0.89  
Total 241 M 2.94 2.98 2.75 2.64 2.13 2.65 1.86 2.17    
SD 1.00 0.95 1.01 1.04 1.00 1.01 0.98 1.00 
Middle School (MS)  
Administrator (ADM) 19 M 3.37 3.32 3.26 3.21 2.47 2.74 2.37 3.16    
SD 0.60 0.58 0.65 0.71 1.12 0.99 0.90 0.76  





        Survey Scale Item 
School 
Level Teacher role n Statistic ID IN RAS SG DP DS MS MT    
SD 0.89 0.92 0.89 0.95 0.98 0.91 1.00 1.04  
Instructional coach (IC) 14 M 3.00 3.07 3.00 2.86 2.43 2.50 2.50 2.93    
SD 0.78 0.73 0.78 0.86 0.94 0.94 0.85 0.62  
Total 209 M 3.08 3.10 2.97 2.86 2.34 2.75 2.03 2.63 
 
  
SD 0.86 0.89 0.87 0.93 0.98 0.92 0.99 1.01 
District (R2)  
Administrator (ADM) 71 M 3.21 3.23 3.18 3.14 2.41 2.90 2.37 2.70    
SD 0.79 0.74 0.72 0.74 0.98 0.85 0.84 0.83  
Classroom Teacher 
(CT) 
706 M 3.08 3.12 2.89 2.87 2.20 2.70 1.92 2.30 
   
SD 0.93 0.90 0.95 0.98 0.98 0.98 0.97 1.02  
Instructional coach 
(IC) 
39 M 2.92 3.00 2.85 2.82 2.15 2.39 2.08 2.44 
   
SD 0.93 0.83 0.81 0.94 0.93 0.97 0.74 0.88  
Total 816 M 3.08 3.12 2.91 2.89 2.21 2.71 1.97 2.34    
SD 0.92 0.89 0.93 0.96 0.98 0.97 0.96 1.00 





TDUS Item 17: Collaborative Team Actions on Data 
 One item in the survey asked whether administrators, classroom teachers and 
instructional coaches perform certain actions in collaborative teams. The actions are 
listed in Table 4.10, along with acronyms used to identify these actions.  
Table 4.10 Acronyms Used in Actions in Collaborative Teams (ACT) Scale 
Acronym Description 
ACT Actions in collaborative teams 
DB We discuss our preconceived beliefs about an issue.  
DC We draw conclusions based on data.  
ED We explore data by looking for patterns and trends.  
IA We identify additional data to offer a clearer picture of the issue.  
IAS We identify actionable solutions based on our conclusions. 
IQ We identify questions that we will seek to answer using data.  
LD We approach an issue by looking at data.  
ML We use data to make links between instruction and student outcomes. 
PP When we consider changes in practice, we predict possible student 
  RP We revisit predictions made in previous meetings.  
  
 Fewer teachers responded to this item than in the previous item. The results from 
658 respondents showed that classroom teachers’ actions in collaborative teams involve 
mostly activities such as drawing conclusions based on data (DC). This action had a 
mean of 2.88 (0.75) on a scale of 1 to 4 where 1 represented “never” , 2 “sometimes”, 3 
“often” and 4 “a lot”. The least performed action in collaborative team activities was 
reviewing predictions that they had made in previous meetings (RP). This had a mean of 





in this item more often than merely “sometimes.” Thus, collaborative team actions 
stipulated here are performed rather regularly. Figure 4.7 below shows that collaborative 
teams are active in the polled activities listed in Table 4.10.  
 
Figure 4.7 Mean of Collaborative Team Action with Data 
 Table 4.11 below gives more statistics for all levels of school and teacher roles, 






Table 4.11 Frequency of Collaborative Teams Actions on Data Use Practices 
        Survey Scale Item 
School Level Teacher role N Statistic LD DB IQ ED DC IA ML PP RP AS 
ES ADM 31 M 3.16 2.87 3.10 3.35 3.32 3.06 3.39 3.06 2.68 3.32    
SD 0.64 0.76 0.60 0.55 0.65 0.57 0.50 0.63 0.60 0.48  
CT 295 M 2.76 2.55 2.70 2.92 2.93 2.70 2.92 2.69 2.49 2.74    
SD 0.73 0.78 0.77 0.76 0.73 0.78 0.71 0.74 0.79 0.72  
IC 17 M 2.76 2.35 2.47 2.76 2.59 2.53 2.59 2.29 2.24 2.53    
SD 0.66 0.70 0.72 0.66 0.62 0.87 0.87 0.92 0.83 0.72  
Total 343 M 2.80 2.57 2.73 2.95 2.95 2.72 2.95 2.70 2.49 2.78    
SD 0.72 0.78 0.76 0.74 0.73 0.78 0.72 0.75 0.78 0.72 
HS ADM 20 M 2.80 2.85 2.75 3.05 3.06 2.70 2.95 2.90 2.60 2.85    
SD 0.52 0.75 0.64 0.60 0.64 0.66 0.69 0.64 0.75 0.67  
CT 198 M 2.54 2.59 2.56 2.70 2.70 2.48 2.68 2.63 2.43 2.61    
SD 0.76 0.80 0.78 0.81 0.77 0.79 0.83 0.79 0.81 0.76  
IC 6 M 2.33 2.67 2.83 2.50 2.00 2.33 2.50 2.50 2.00 2.17    
SD 0.52 0.82 0.98 0.84 0.00 0.52 0.84 0.84 1.10 0.41  
Total 224 M 2.55 2.61 2.58 2.73 2.71 2.50 2.70 2.65 2.44 2.62    
SD 0.74 0.80 0.77 0.80 0.77 0.77 0.82 0.78 0.82 0.75 
MS ADM 18 M 3.06 2.67 3.00 3.28 3.28 2.88 3.22 3.11 3.00 3.33    
SD 0.73 0.91 0.69 0.67 0.75 0.78 0.65 0.76 0.77 0.49  
CT 166 M 2.76 2.67 2.69 2.92 3.01 2.66 2.93 2.70 2.70 2.86    





        Survey Scale Item 
School Level Teacher role N Statistic LD DB IQ ED DC IA ML PP RP AS 
 
IC 12 M 3.25 2.83 2.92 3.42 3.33 3.27 3.33 3.18 2.50 3.25    
SD 0.62 0.83 0.67 0.51 0.65 0.65 0.65 0.60 0.52 0.62  
Total 196 M 2.82 2.68 2.73 2.98 3.05 2.72 2.98 2.76 2.72 2.92    
SD 0.73 0.77 0.80 0.79 0.73 0.82 0.73 0.78 0.74 0.74 
R2 ADM 69 M 3.03 2.81 2.97 3.25 3.24 2.91 3.22 3.03 2.74 3.19    
SD 0.64 0.79 0.64 0.60 0.68 0.66 0.62 0.66 0.70 0.58  
CT 658 M 2.69 2.59 2.66 2.85 2.88 2.62 2.85 2.67 2.53 2.73    
SD 0.74 0.78 0.79 0.79 0.75 0.80 0.76 0.77 0.79 0.74  
IC 35 M 2.86 2.57 2.69 2.94 2.76 2.74 2.83 2.62 2.29 2.71    
SD 0.69 0.78 0.76 0.73 0.74 0.83 0.86 0.89 0.79 0.75  
Total 762 M 2.73 2.61 2.69 2.89 2.91 2.65 2.89 2.70 2.53 2.77    
SD 0.74 0.79 0.78 0.78 0.75 0.79 0.76 0.77 0.79 0.74 
Note. For actions: LD, DB, IQ, ED, DC, IA, ML, PP, RP, AS, see Table 4.10 in Section TDUS Item 17. ES = Elementary, HS = High, 





TDUS Item 10, 12, and 13: Organizational Supports for Data Use  
As discussed in the literature review, there are known factors that impede or 
promote data use by educators. Among others, these include district policies to support 
data use (Hamilton et al., 2009; Schildkamp & Kuiper, 2010; U.S. Department of 
Education, 2009, 2010, 2011), principal leadership (Levin & Datnow, 2012) and 
technological infrastructure to promote data use (Mandinach et.al., 2006). There are 
many statements used to determine the level of support educators receive directly from 
the school district by way of policy and practices and provisions through technology, but 
also through school level principal leadership. Participants were asked to select how 
much they agreed with each statement by choosing from four levels of agreement with 
the statement: Strongly Disagree, Disagree, Agree, or Strongly Agree. In Table 4.12 
below, these statements are keyed with acronyms to keep short the text reference to the 
statements.  
Table 4.12 Acronyms Used in Organizational Support for Data Use (OSDU) Scales 
Acronym Description 
AP I am adequately prepared to use data. 
AS I am adequately supported in the effective use of data. 
CMO My principal or assistant principal(s) creates many opportunities for 
teachers to use data.  
DDM My principal or assistant principal(s) discusses data with me.  
EDU My principal or assistant principal(s) encourages data use as a tool to 
support effective teaching.  
EPD My district provides enough professional development about data use.  
EU The computer systems (for data use) in my district are easy to use.  
EVD The computer systems in my district allow me to examine various types of 






GUD The computer systems in my district generate displays (e.g., reports, 
graphs, tables) that are useful to me. 
OSDU Organizational support for data use 
PA The computer systems in my district provide me access to lots of data.  
PDU My district’s professional development is useful for learning about data 
 PGE My principal or assistant principal(s) is a good example of an effective data 
  POT My principal or assistant principal(s) has made sure teachers have plenty of 
training for data use.  
PT I have the proper technology to efficiently examine data.  
            PTD My principal or assistant principal(s) creates protected time for using data. 
SAQ There is someone who answers my questions about using data.  
SHC There is someone who helps me change my practice (e.g., my teaching) 
      
TDUS Item 10: District Support for Teacher’s Data Use Efforts 
It looks like teachers were fairly satisfied with the level of support from the 
district. On the statements about district support in general, the means from the 716 
classroom teachers who responded ranged from 2.85 (0.77) on PDU (the efficacy of data 
use PDs) to 3.15 (0.62) on AP (teachers feeling adequately prepared by the district to use 






Figure 4.8 Mean of Organizational Support Provision through the District  
A detailed Table 4.13 is given below, and includes statistics for the administrators 





Table 4.13 Perceptions of the Level of OSDU by the School and the School District 
        Survey Scale Item 
School Level Teacher role n Statistic AS AP SAQ SHC EPD PDU 
Elementary (ES) Administrator (ADM) 32 M 3.50 3.44 3.72 3.44 3.34 3.41   
SD 0.51 0.50 0.46 0.56 0.65 0.67 
Classroom Teacher (CT) 323 M 3.14 3.22 3.21 3.00 3.10 2.95   
SD 0.55 0.55 0.61 0.60 0.64 0.66 
Instructional coach (IC) 17 M 3.18 2.88 3.29 3.12 2.88 2.88   
SD 0.64 0.49 0.59 0.70 0.78 0.70 
Total 372 M 3.17 3.22 3.26 3.05 3.11 2.98    
SD 0.56 0.55 0.62 0.62 0.65 0.67 
High (HS) Administrator (ADM) 21 M 3.29 3.05 3.48 3.29 2.81 2.81   
SD 0.46 0.67 0.51 0.46 1.03 1.03 
Classroom Teacher (CT) 216 M 3.02 3.01 3.00 2.83 2.88 2.72   
SD 0.69 0.72 0.68 0.70 0.82 0.85 
Instructional coach (IC) 8 M 2.63 2.50 2.88 2.75 2.50 2.50   
SD 0.74 0.53 0.83 0.71 0.76 0.93 
Total 245 M 3.03 3.00 3.04 2.87 2.86 2.72    
SD 0.68 0.71 0.69 0.70 0.84 0.87 
Middle (MS) Administrator (ADM) 19 M 3.47 3.26 3.53 3.26 3.16 3.32   
SD 0.61 0.65 0.51 0.65 0.76 0.58 
Classroom Teacher (CT) 177 M 3.18 3.18 3.18 2.88 3.12 2.82   
SD 0.63 0.60 0.68 0.75 0.73 0.83 
Instructional coach (IC) 14 M 3.43 3.21 3.43 3.36 3.21 3.14 
 
 
SD 0.51 0.58 0.51 0.50 0.70 0.66  






        Survey Scale Item 
School Level Teacher role n Statistic AS AP SAQ SHC EPD PDU    
SD 0.63 0.60 0.67 0.74 0.73 0.81 
District (R2) Administrator (ADM) 72 M 3.43 3.28 3.60 3.35 3.14 3.21   
SD 0.53 0.61 0.49 0.56 0.83 0.80 
Classroom Teacher (CT) 716 M 3.12 3.15 3.14 2.92 3.04 2.85   
SD 0.62 0.62 0.66 0.68 0.73 0.77 
Instructional coach (IC) 39 M 3.15 2.92 3.26 3.13 2.92 2.90    
SD 0.67 0.58 0.64 0.66 0.77 0.75  
Total 827 M 3.14 3.15 3.18 2.97 3.04 2.88    
SD 0.62 0.62 0.66 0.68 0.74 0.78 





TDUS Item 12: Principal Leadership Support for Data Use 
There were 694 classroom teachers across all school levels who responded to the 
statements about supports for data use through the school principal leadership. Results 
showed teachers felt like they received the same level of support from the principal 
leadership as they did from the district level support: the lowest mean value of 2.91 
(0.75) was on PTD (being provided with protected time for using data). Based on the 
scale values where 1 = “Strongly Disagree”, 2 = “Disagree”, 3 = “Agree” and 4 = 
“Strongly Agree”, this means that teachers were generally but somewhat slightly less 
agreeable that school principals provide them with protected time for data use. The 
highest mean value of 3.38 (0.57), for EDU indicated that teachers were agreeable but not 
strongly to a statement that portrays principals as encouragers of data use as a tool to 
support effective teaching. The results are depicted graphically in Figure 4.9, with a 
detailed Table 4.14 below it, including statistics for the administrators and instructional 
coaches. 
  





Table 4.14 Educators’ Perceptions about OSDU through Principal Leadership 
        Survey Scale Item 
School Level Teacher role n Statistic EDU CMO POT PGE DDM PTD 
Elementary (ES) Admin (ADM) 32 M 3.59 3.41 3.22 3.34 3.50 3.44   
SD 0.50 0.50 0.61 0.48 0.51 0.50 
Classroom (CT) 312 M 3.42 3.25 3.11 3.22 3.20 2.91   
SD 0.56 0.63 0.66 0.66 0.61 0.74 
Coach (IC) 16 M 3.56 3.31 3.00 3.13 3.38 3.06   
SD 0.63 0.70 0.89 0.72 0.50 0.85 
Total 360 M 3.44 3.27 3.11 3.22 3.24 2.97    
SD 0.56 0.62 0.66 0.65 0.60 0.74 
High (HS) Admin (ADM) 21 M 3.24 2.95 2.76 3.00 3.10 2.90    
SD 0.44 0.67 0.54 0.45 0.45 0.62  
Classroom (CT) 209 M 3.27 3.04 2.88 3.01 2.94 2.73    
SD 0.59 0.76 0.76 0.73 0.72 0.79  
Coach (IC) 8 M 3.25 3.38 2.88 3.25 3.14 2.88    
SD 0.71 0.74 0.83 0.71 0.38 0.83  
Total 238 M 3.26 3.04 2.87 3.02 2.96 2.75    
SD 0.58 0.75 0.74 0.71 0.70 0.78 
Middle (MS) Admin (ADM) 18 M 3.56 3.33 3.22 3.22 3.35 3.33    
SD 0.62 0.69 0.65 0.73 0.61 0.77  
Classroom (CT) 172 M 3.45 3.27 3.08 3.16 3.11 3.12    
SD 0.55 0.64 0.71 0.75 0.71 0.65  
Coach (IC) 13 M 3.57 3.50 3.43 3.38 3.58 3.54    
SD 0.51 0.65 0.65 0.51 0.51 0.52  






        Survey Scale Item 
School Level Teacher role n Statistic EDU CMO POT PGE DDM PTD    
SD 0.56 0.64 0.71 0.74 0.70 0.66 
District (R2) Admin (ADM) 71 M 3.48 3.25 3.08 3.21 3.35 3.25    
SD 0.53 0.63 0.63 0.56 0.54 0.65  
Classroom (CT) 694 M 3.38 3.19 3.03 3.14 3.10 2.91    
SD 0.57 0.68 0.71 0.71 0.68 0.75  
Coach (IC) 37 M 3.50 3.39 3.13 3.24 3.40 3.19    
SD 0.60 0.68 0.81 0.64 0.50 0.78  
Total 802 M 3.39 3.21 3.04 3.15 3.13 2.95    
SD 0.57 0.67 0.71 0.69 0.67 0.75 





TDUS Item 13: Support through Computer Data Systems Provision 
Results collected from 693 classroom teachers showed that teachers agree that the 
district and/or schools provide them with technology to process data. The means for the 
statements of support range from 3.09 (0.67) to 3.30 (0.58) for GUD and PA, 
respectively. This means that teachers agree that they are well supported with the 
technology they need to use data effectively. These results are included in Figure 4.10.  
 
Figure 4.10 Mean of Organizational Support Provision through Technology 






Table 4.15 Perceptions of the Level of OSDU through Computer Data Systems 
    
Survey Scale Item 
School Level Teacher role n Statistic PT AD EU EVD GUD 
Elementary Administrator (ADM) 32 M 3.59 3.59 3.47 3.50 3.38   
SD 0.50 0.50 0.57 0.57 0.71  
Classroom Teacher (CT)  312 M 3.30 3.30 3.16 3.12 3.13   
SD 0.55 0.54 0.60 0.65 0.56  
Instructional coach (IC) 17 M 3.59 3.41 3.29 3.00 3.12   
SD 0.51 0.62 0.77 0.71 0.70  
Total 361 M 3.34 3.33 3.19 3.15 3.15    
SD 0.55 0.55 0.61 0.65 0.58 
High Administrator (ADM) 20 M 3.45 3.42 3.10 3.24 3.24    
SD 0.51 0.51 0.64 0.62 0.44  
Classroom Teacher (CT) 209 M 3.21 3.21 2.98 3.15 2.96    
SD 0.67 0.62 0.77 0.69 0.80  
Instructional coach (IC) 8 M 3.14 3.25 3.00 2.75 2.71    
SD 0.38 0.46 0.53 0.71 0.49  
Total 237 M 3.23 3.23 2.99 3.15 2.98    
SD 0.66 0.61 0.75 0.69 0.77 
Middle Administrator (ADM) 18 M 3.44 3.56 3.33 3.44 3.22    
SD 0.51 0.51 0.59 0.62 0.65  
Classroom Teacher (CT) 171 M 3.38 3.40 3.22 3.22 3.16    
SD 0.63 0.58 0.66 0.70 0.68  
Instructional coach (IC) 14 M 3.43 3.57 3.36 3.57 3.43    






    
Survey Scale Item 
School Level Teacher role n Statistic PT AD EU EVD GUD  
Total 203 M 3.39 3.43 3.24 3.26 3.18    
SD 0.61 0.57 0.64 0.69 0.67 
District (R2) Administrator (ADM) 70 M 3.51 3.54 3.33 3.41 3.30    
SD 0.50 0.50 0.61 0.60 0.62  
Classroom Teacher (CT) 693 M 3.30 3.30 3.12 3.15 3.09    
SD 0.61 0.58 0.67 0.67 0.67  
Instructional coach (IC) 39 M 3.45 3.44 3.26 3.15 3.16    
SD 0.50 0.55 0.64 0.71 0.64  
Total 902 M 3.32 3.33 3.14 3.18 3.11    
SD 0.60 0.58 0.67 0.67 0.67 




TDUS Item 11: ATD - Attitude towards Data  
Teacher beliefs and attitudes are known to affect how teachers use data to make 
decisions (Brown et al., 2011; Farley-Ripple & Buttram, 2015; Glennie et al., 2017; 
Mandinach et al., 2015; Remesal, 2011; Schildkamp & Kuiper, 2010). TDUS had items 
that measured the attitude construct. Two scales measured this construct. One scale, 
ATDEP, had five items that examined beliefs and attitudes towards data’s effectiveness 
for pedagogy and the other scale (ATD) had four items that measured attitudes towards 
data in general. Table 4.16 below lists the acronyms used to identify these statements. 
Table 4.16 Acronyms Used in Attitudes towards Data (ATD) Scales 
Subscale Acronym Description 
Attitude towards data’s effectiveness for pedagogy (ATDEP) 
 BS Students benefit when teacher instruction is informed by data.  
 HPI Data help teachers plan instruction.  
 ILG Data help teachers identify learning goals for students.  
 KLC Data help teachers know what concepts students are learning.  
 ONI Data offer information about students that was not already 
known.  
Attitude towards data (ATD) 
 FDU I find data useful.  
 HBB Using data helps me be a better teacher. 
 IEP I think it is important to use data to inform education practice.  
 LUD I like to use data.  
    
The results presented in Figure 4.11 below show all means to be above 3.00. 





These results reflect the average disposition of 698 teachers. Table 4.17 is given below 
and has more numerical details of the statistics obtained. 
 
Figure 4.11 Means of Attitudes towards Data 
Note. The first 5 statements (HPI, ONI, KLC, ILG, and BS) represent statements that 
measure attitudes towards data’s effectiveness for pedagogy while the last four (IEP, 






Table 4.17 Means of Attitudes about Data and Its Effectiveness for Pedagogy 
        Survey Scale Item 
School Level Teacher role n Statistic HPI ONI KLC ILG BS IEP LUD FDU HBB 
ES ADM 32 M 3.56 3.41 3.55 3.59 3.75 3.75 3.63 3.77 3.69    
SD 0.50 0.67 0.51 0.50 0.44 0.44 0.49 0.43 0.47  
CT 315 M 3.25 3.02 3.08 3.24 3.21 3.28 3.13 3.22 3.18    
SD 0.59 0.55 0.56 0.56 0.57 0.58 0.58 0.53 0.65  
IC 17 M 3.24 2.94 3.00 3.18 3.29 3.41 3.29 3.29 3.29    
SD 0.83 0.83 0.79 0.95 0.92 0.80 0.69 0.69 0.69  
Total 364 M 3.28 3.05 3.11 3.27 3.26 3.33 3.18 3.27 3.23    
SD 0.60 0.59 0.58 0.58 0.60 0.60 0.59 0.55 0.65 
HS ADM 21 M 3.29 3.24 3.10 3.24 3.38 3.43 3.29 3.38 3.14    
SD 0.46 0.62 0.54 0.54 0.59 0.51 0.56 0.50 0.57  
CT 208 M 3.07 2.92 2.94 3.04 3.14 3.11 2.87 3.03 2.94    
SD 0.68 0.64 0.69 0.65 0.64 0.63 0.76 0.70 0.74  
IC 8 M 2.88 3.00 3.00 3.13 3.38 3.38 3.25 3.38 3.13    
SD 0.35 0.53 0.76 0.64 0.52 0.52 0.71 0.52 0.35  
Total 237 M 3.08 2.95 2.95 3.06 3.17 3.15 2.92 3.08 2.96    
SD 0.66 0.64 0.68 0.64 0.64 0.62 0.75 0.68 0.72 
MS ADM 19 M 3.53 3.42 3.47 3.53 3.63 3.53 3.61 3.59 3.58    
SD 0.51 0.51 0.51 0.51 0.50 0.51 0.50 0.51 0.51  
CT 175 M 3.23 3.00 3.06 3.22 3.21 3.16 3.01 3.11 3.07    
SD 0.64 0.68 0.67 0.60 0.59 0.66 0.75 0.68 0.73  
IC 14 M 3.36 3.07 3.29 3.36 3.36 3.43 3.43 3.50 3.36    





        Survey Scale Item 
School Level Teacher role n Statistic HPI ONI KLC ILG BS IEP LUD FDU HBB  
Total 208 M 3.27 3.04 3.11 3.25 3.26 3.22 3.09 3.18 3.13    
SD 0.62 0.69 0.67 0.59 0.59 0.65 0.75 0.68 0.72 
R2 ADM 71 M 3.47 3.36 3.39 3.47 3.61 3.60 3.52 3.60 3.50    
SD 0.50 0.61 0.55 0.53 0.52 0.49 0.53 0.49 0.56  
CT 698 M 3.19 2.98 3.03 3.17 3.19 3.20 3.02 3.14 3.08    
SD 0.63 0.61 0.63 0.60 0.60 0.62 0.69 0.63 0.70  
IC 39 M 3.21 3.00 3.10 3.23 3.33 3.41 3.33 3.38 3.28    
SD 0.66 0.79 0.72 0.74 0.70 0.64 0.62 0.59 0.56  
Total 808 M 3.22 3.02 3.07 3.20 3.23 3.25 3.08 3.19 3.13    
SD 0.63 0.63 0.64 0.61 0.61 0.62 0.69 0.63 0.70 
Note. For the statements HPI, ONI, KLC, ILG, BS, IEP, LUD, and HBB, see Table 4.16 in TDUS Item 11. ES = Elementary school, 





TDUS Item 14: CIUD - Competence in Using Data  
According to Wayman et al. (2016), effective data use requires competence in 
skills associated with data collection, processing and interpretation. This construct was 
measured by the competence in data use scale (CIUD). Figure 4.12 below depicts the 
results of 694 classroom teachers who took the survey. These indicated that they were 
competent in using data. This is indicated by the high means of the level of agreement to 
statements that solicit for the level of agreement to statements alluding to the CIUD. 
Detailed statistics are given in Table 4.18 is presented below Figure 4.12 and includes 
statistics for the administrators and instructional coaches.  
 
Figure 4.12 Means for Competence in Using Data  
Note. The acronyms are assigned the competences as follows: DL= I am good at using 
data to diagnose student learning needs, AI = I am good at adjusting instruction based on 






Table 4.18 Attitudes about Perceived Competence in Using Their Own Data 
        Survey Scale Item 
School Level Teacher role n Statistic DL AI PL SG 
Elementary (ES) Administrator (ADM) 32 M 3.22 3.19 3.19 3.38   
SD 0.61 0.47 0.47 0.49 
Classroom Teacher (CT) 312 M 3.18 3.23 3.19 3.23   
SD 0.52 0.51 0.53 0.52 
Instructional coach (IC) 17 M 2.94 2.82 2.88 2.76   
SD 0.56 0.64 0.70 0.66 
Total  361 M 3.17 3.21 3.17 3.22    
SD 0.53 0.52 0.54 0.54 
High (HS) Administrator (ADM) 20 M 3.05 3.11 3.10 3.10    
SD 0.60 0.46 0.55 0.55  
Classroom Teacher (CT) 209 M 2.98 3.05 2.97 2.99    
SD 0.67 0.59 0.64 0.62  
Instructional coach (IC) 8 M 2.63 2.88 2.75 2.75    
SD 0.52 0.35 0.46 0.46  
Total 237 M 2.97 3.05 2.97 2.99    
SD 0.66 0.58 0.63 0.61 
Middle (MS) Administrator (ADM) 18 M 3.06 3.06 3.11 3.06    
SD 0.42 0.54 0.47 0.54  
Classroom Teacher (CT) 173 M 3.17 3.19 3.20 3.24    
SD 0.62 0.68 0.66 0.64  
Instructional coach (IC) 13 M 3.38 3.38 3.31 3.23    






        Survey Scale Item 
School Level Teacher role n Statistic DL AI PL SG  
Total 204 M 3.18 3.19 3.20 3.23    
SD 0.60 0.66 0.63 0.62 
District (R2) Administrator (ADM) 70 M 3.13 3.13 3.14 3.21    
SD 0.56 0.48 0.49 0.54  
Classroom Teacher (CT) 694 M 3.12 3.17 3.12 3.16    
SD 0.60 0.58 0.61 0.59  
Instructional coach (IC) 38 M 3.03 3.03 3.00 2.92    
SD 0.59 0.59 0.62 0.59  
Total 802 M 3.11 3.16 3.12 3.15    
SD 0.60 0.58 0.60 0.59 
 
Note. DL= I am good at using data to diagnose student learning needs, AI = I am good at adjusting instruction based on data. PL = I 




TDUS Item 15: Frequency of Scheduled Collaboration Meetings 
This item asked teachers how often they had scheduled meeting to collaborate on 
data. Only 311 of classroom teachers responded to this item. This was less than half of 
the responses recorded on the other TDUS items. The results from these responses 
indicated that teachers have scheduled meetings to work in collaborative teams once or 
twice a month as depicted in Figure 4.13 below. 
 
Figure 4.13 Mean Frequency of Scheduled Meetings for Collaboration on Data 
TDUS Item 16: CTT - Collaborative Team Trust 
According to Marsh (2012), teacher beliefs around data use are also influenced by 
the level of trust teachers have in leaders and the atmosphere in which data activities are 
conducted. Six hundred and twenty-five classroom teachers completed a TDUS item 
intended to assess the level of trust and comradery among collaborative team members. 
Results showed that classroom teachers agree that there is trust in collaborative teams in 





to 3.24 (0.64) for REM. The results are shown in Figure 4.14 and the detailed statistics 
are presented in Table 4.19 below, including statistics for the administrators and 
instructional coaches.  
 
Figure 4.14 Means of Perceptions on Collaborative Team Trust and Collegiality 
Note. The acronyms are assigned the ethos as follows: TED = “Members of my team 
trust each other.” DFW = “It is ok to discuss feelings and worries with other members of 
my team.” RCL = “Members of my team respect colleagues who lead school 
improvement efforts.” REM = “Members of my team respect those colleagues who are 
experts in their craft.” ATE = “My principal or assistant principal(s) fosters a trusting 











Table 4.19 Educator Perceptions on Collaborative Team Trust on Data Sessions 
        Survey Scale Item 
School Level Teacher role n Statistic TEO DFW RCL REM ATE 
Elementary (ES) Administrator (ADM) 31 M 3.26 3.13 3.32 3.39 3.53   
SD 0.44 0.57 0.48 0.50 0.51 
Classroom Teacher (CT) 278 M 3.21 3.22 3.17 3.22 3.22   
SD 0.64 0.66 0.58 0.61 0.51 
Instructional coach (IC) 17 M 3.29 3.24 3.00 3.06 3.44   
SD 0.69 0.66 0.79 0.66 0.51 
Total 326 M 3.22 3.22 3.18 3.23 3.27    
SD 0.62 0.65 0.59 0.61 0.52 
High (HS) Administrator (ADM) 20 M 3.15 3.15 3.20 3.40 3.47   
SD 0.37 0.37 0.41 0.50 0.51 
Classroom Teacher (CT) 190 M 3.08 3.07 3.04 3.20 3.06   
SD 0.69 0.73 0.75 0.68 0.57 
Instructional coach (IC) 6 M 3.00 3.17 2.83 3.17 3.17   
SD 0.71 0.75 0.41 0.41 0.75 
Total 216 M 3.09 3.08 3.05 3.21 3.12    
SD 0.67 0.71 0.72 0.67 0.58 
Middle (MS) Administrator (ADM) 18 M 3.33 3.33 3.44 3.50 3.56   
SD 0.49 0.49 0.51 0.51 0.51 
Classroom Teacher (CT) 157 M 3.32 3.34 3.22 3.31 3.17   
SD 0.59 0.61 0.65 0.64 0.67 
Instructional coach (IC) 12 M 3.42 3.33 3.42 3.42 3.33   






        Survey Scale Item 
School Level Teacher role n Statistic TEO DFW RCL REM ATE 
Total 187 M 3.32 3.34 3.25 3.33 3.23    
SD 0.58 0.60 0.63 0.63 0.65 
District (R2) Administrator (ADM) 68 M 3.25 3.19 3.32 3.42 3.52   
SD 0.43 0.50 0.47 0.50 0.50 
Classroom Teacher (CT) 625 M 3.20 3.21 3.14 3.24 3.16   
SD 0.65 0.68 0.66 0.64 0.58 
Instructional coach (IC) 35 M 3.29 3.26 3.11 3.20 3.35   
SD 0.63 0.66 0.68 0.63 0.54  
Total 728 M 3.21 3.21 3.16 3.25 3.22    
SD 0.63 0.66 0.64 0.63 0.58 
 
Note. TEO = Members of my team trust each other. DFW = It is ok to discuss feelings and worries with other members of my team. 
RCL = Members of my team respect colleagues who lead school improvement efforts. REM = Members of my team respect those 
colleagues who are experts in their craft. ATE = My principal or assistant principal(s) fosters a trusting environment for discussing 






As part of the exploration of how the components of the D3M model help in 
predicting the teacher actions (AOD) on data, the mean of the “actions” scale (AOD) and 
means of each of the four components of the D3M model (“competence” in data use = 
CIUD, “attitude” towards data = ATD, organizational “support” for data use = OSDU 
and collaborative team “trust” = CTT) were placed side by side in a bar graph (Figure 
4.15 below). The results revealed an unexpectedly lower action mean compared to the 
components’ means. Detailed tables of the statistics for CT only data (without including 
ADM nor IC data) as well as for all educators (including ADM, CT, and IC) are given in 
Table 4.20 and Table 4.21 respectively, below, including statistics for the administrators 
and instructional coaches. 
This observation led the researcher to explore possible inferences that could be 
made from the descriptive statistics reported in the previous section as well as the 
implications of the chart in Figure 4.15.  
 





For example, the researcher was interested in exploring any differences in teacher 
actions using aggregated data from the actions on data scale (AOD) based on school level 
and teacher position. A two-way ANOVA on AOD scale with school level and teacher 
position as independent variables would have been appropriate to investigate the 
variances. The data set up also seemed appropriate for a two-way MANOVA on the same 
independent variables but on the actions, competence, attitude, trust, and organizational 
support scales instead. However, some of the required assumptions for these procedures 
failed. Particularly, the normality assumption, linearity between dependent and 






Table 4.20 Statistics for the D3M Component Scales for Classroom Teachers Only 
    D
3M model component scale for classroom teachers only 
School level Statistic actions competence attitude support trust 
   
(AOD) (CIUD) (ATD) (OSDU) (CTT) 
Elementary (ES)            
  N 349 309 312 320 295 
  M 2.26 3.20 3.18 3.16 3.21 
  SD 0.55 0.46 0.45 0.41 0.54 
High (HS)            
  N 232 210 210 217 202 
  M 2.07 2.99 3.00 3.00 3.09 
  SD 0.56 0.56 0.55 0.49 0.60 
Middle (MS)            
  N 191 172 175 176 166 
  M 2.28 3.20 3.12 3.18 3.28 
  SD 0.57 0.59 0.54 0.48 0.52 
District (R2)            
  N 772 691 697 713 663 
  M 2.21 3.14 3.11 3.12 3.19 






Table 4.21 Statistics for the D3M Component Scales by School Levels and Roles 
Demography  
Model component scale  
School Level Participant role n Statistic AOD CIUD ATD CTT OSDU  
Elementary (ES) 
 
Administrator 32 M 2.45 3.24 3.64 3.32 3.47    
SD 0.43 0.41 0.39 0.39 0.36  
Classroom Teacher 326 M 2.27 3.21 3.18 3.21 3.16    
SD 0.56 0.46 0.45 0.54 0.42  
Instructional coach 17 M 2.15 2.85 3.23 3.21 3.20    
SD 0.39 0.55 0.66 0.59 0.45  
Total 375 M 2.28 3.19 3.22 3.22 3.19     
SD 0.54 0.47 0.48 0.53 0.42  
High (HS) Administrator 21 M 2.65 3.10 3.28 3.28 3.14    
SD 0.46 0.48 0.38 0.32 0.38  
Classroom Teacher 217 M 2.07 2.99 3.00 3.09 3.00    
SD 0.56 0.56 0.55 0.60 0.49  
Instructional coach 8 M 2.03 2.75 3.18 3.08 2.93    
SD 0.44 0.35 0.37 0.48 0.49  
Total 246 M 2.12 2.99 3.03 3.11 3.01     
SD 0.57 0.55 0.54 0.58 0.48  
Middle (MS) Administrator 19 M 2.65 3.07 3.55 3.43 3.35    
SD 0.60 0.46 0.42 0.39 0.47  
Classroom Teacher 179 M 2.28 3.20 3.12 3.28 3.17    
SD 0.58 0.58 0.54 0.52 0.48  
Instructional coach 15 M 2.71 3.33 3.36 3.38 3.41    
SD 0.64 0.40 0.50 0.45 0.45  






Note. TDUS scales: AOD = Action on Data, CIUD = Competence in Using Data, ATD = Attitudes towards Data, CTT = 
Collaborative Team Trust, OSDU = Organizational Supports for Data Use. 
 
   
SD 0.60 0.56 0.54 0.50 0.48  
District Administrator 73 M 2.56 3.16 3.51 3.34 3.34     
SD 0.49 0.45 0.42 0.37 0.41   
Classroom Teacher 723 M 2.22 3.14 3.11 3.19 3.12     
SD 0.57 0.53 0.51 0.56 0.46   
Instructional coach 40 M 2.36 2.99 3.26 3.25 3.22     
SD 0.59 0.52 0.55 0.53 0.48   
Total 836 M 2.25 3.14 3.15 3.21 3.14     




Multiple Regression Model (MRM) 
Next, the researcher examined the possibility of predicting actions on data based 
on the values of attitudes and beliefs, team trust, data use competence, and organizational 
support. In this scenario, actions on data (AOD) was assumed to be the dependent 
variable while the others were treated as the independent variables. Unlike in standard 
multiple regression procedure, where all the independent variables are entered at the 
same time, the researcher wanted to explore controlling for covariates on the results and 
investigating any possible causal effects of the independent variables such as CIUD, 
ATD, OSDU and CTT when predicting data use (AOD). According to Laerd Statistics 
(2015), multiple regression was the tool with which to investigate that.  Linear Modeling 
(MRM) was deemed the most suitable tool because the second research question could be 
informed by knowing the effects of including each of the D3M components into the 
model one at a time and observing how much variation in AOD could be explained by 
each of the independent variables mentions above. Each independent variable would be 
added to the model, one at a time, to control for the effects of covariates on the results. 
Before the MRM model could be applied, some conditions had to be checked. 
Checking Assumptions of the MRM  
To use this model, there are eight assumptions to be used to check the 
appropriateness of the model (Laerd Statistics, 2015). Conditions for this procedure were 
checked and deemed to either satisfy or approximately meet the requirements as follows: 
1. Assumption 1 requires one dependent variable that is measured at continuous 





2. Assumption 2 requires that two or more independent variables be at the 
continuous or nominal level. The four scales, collaborative team trust (CTT), 
competence in using data (CIUD), organizational support for data use (OSDU), 
and attitude towards data (ATD) satisfy this requirement. 
3. Assumption 3 requires that the observations be independent. This is satisfied by 
the study design in that observations are from different participants and not 
related. Furthermore, the Durbin-Watson statistic, shown in the SPSS output in a 
table titled “Model Summary”, in Appendix B, is close enough to 2, showing that 
there is no correlation between residuals. Thus, the conclusion was that there was 
independence of residuals as assessed by a Durbin-Watson of 1.874.  
4. Assumption 4 requires that there be a linear relationship between the dependent 
variable and each of the independent variables and between the dependent 
variable and the independent variables collectively. The latter relationship can be 
checked from a scatterplot of the studentized residuals against the 
(unstandardized) predicted values. The horizontal band formed by the residuals in 
the scatterplot titled “Scatter Plot of Studentized Residuals by Unstandardized 
Predicted Value” in Appendix B showed the relationship between AOD and the 
independent variables collectively is linear. Further, the relationship between 
AOD and each of CTT, ATD, OSDU, and CIUD was shown to be linear in the 
scatter plots in Appendix B. Thus, assumption 4 is satisfied. 
5. Assumption 5 requires data to show homoscedasticity (equal error variance). 
From the same scatter plot that was used to verify a linear relationship between 





from a visual inspection of the plot that there was homoscedasticity. The spread of 
the residuals did not seem to spread increasingly nor decreasingly with the 
predicted values.  
6. Assumption 6 requires that data not show multicollinearity. This happens when 
two or more independent variables are highly correlated with each other. 
Inspection of the values in the tables titled “Correlations” in Appendix B 
indicated that none of the correlations were greater than 0.70. Furthermore, the 
Tolerance values from the “Coefficients” table in Appendix B are all greater than 
0.1 and that was enough to conclude that the data has no multicollinearity 
problem. 
7. Assumption 7 requires that there be no significant outliers, high leverage points 
nor high influential points. An SPSS output table, “Case-wise Diagnostics” 
initially showed four cases out of the 760 cases included in this analysis to have 
standardized residuals greater than 3.00. These cases were left out of the final 
cases used. 
8. Assumption 8 requires that the residuals (errors) be approximately normally 
distributed. A histogram of the standardized residuals was constructed in SPSS 
and showed to be approximately normal. The histogram is included the SPSS 
output in Appendix B. 
MRM Procedure Results 
Once the conditions of the model were checked and satisfied, the independent 





effect in explaining the variation in the model, the CIUD. Table 4.22 below shows the 
summary of the results. 
Table 4.22 SPSS output of Multiple Regression on D3M Action on Data  
Model Summarye 















Change df1 df2 
Sig. F 
Change 
1 .345a 0.119 0.118 0.49125 0.119 102.017 1 755 0.000 
2 .448b 0.201 0.199 0.46811 0.082 77.472 1 754 0.000 
3 .477c 0.227 0.224 0.46068 0.026 25.539 1 753 0.000 
4 .477d 0.228 0.223 0.46091 0.000 0.229 1 752 0.633 
Note: a. Predictors: (Constant), CIUD 
b. Predictors: (Constant), CIUD, ATD 
c. Predictors: (Constant), CIUD, ATD, OSDU 
d. Predictors: (Constant), CIUD, ATD, OSDU, CTT 
e. Dependent Variable: AOD 
  
The MRM procedure results given in Table 4.22 above were surprising to the 
researcher because the total variation explained by the four variables was only 22.8%. 
For the total variance explained by adding the variables (model components) to the 
regression model to be so low meant that there are other factors not included in this 
model that could help explain the variation observed when predicting teacher actions on 
data AOD to inform their instructional decision-making practices. The complete table 





Table 4.23 MRM Predicting Data Use from CIUD, ATD, OSDU and CTT 
  Model 1 Model 2 Model 3 Model 4 









competence (CIUD) 0.346** 0.345 0.214** 0.213 0.133* 0.132 0.133* 0.132 
attitude (ATD) 
  
0.322** 0.316 0.256** 0.251 0.254** 0.249 
support (OSDU)) 
    
0.231** 0.203 0.223** 0.196 
support (CTT) 
      







































The MRM regression was run to explore the effect on data use practices (AOD) of 
the teachers’ self-reported competence in data use (CIUD), their attitudes towards data 
and its effectiveness for pedagogy (ATD), the different organizational supports for data 
use (OSDU) and comfort level and trust (CTT) in collaborative data teams. The full 
model (Model 4) was statistically significant, R2 = 0.228, F (4, 752) = 55.39, p < 0.0005; 
adjusted R2 = 0.223. In Model 1, using only the teacher’s competence level (CIUD) as a 
predictor of them using data for decision making showed a significant R2 of 0.119, F(1, 
755) = 102.02, p < 0.0005. When, in Model 2, the attitudinal value was added, the result 
was a statistically significant increase in R2 of 0.082, F (2, 754) = 94.91, p < 0.0005. The 
addition of OSDU in Model 3 also led to a significant but smaller increase in R2 of 0.026, 
F (3, 753) = 73.85, p < 0.0005. Adding CTT in Model 4 did not significantly change the 
R2, increasing by less than 0.0005, F (4, 752) = 55.39, p > 0.05.  
Findings  
This section uses the results reported in the last three sections to answer the 
research questions. Each research question will be considered separately. 
Research Question 1 
The question was: What data do teachers use and how do teachers use them to 
support instructional decisions? 
Data to answer this research question came mostly TDUS items 6 through 9, 17 
and 14 (See Table 1.1), but is also informed by items 1 through 5. As reported in Table 
4.2, at least 92% of school administrators at all school levels believe that their teachers 
have access to all the data forms included in the TDUS. The proportion of instructional 





ranges from 80% to 100%. However, the proportion of classroom teachers reporting 
access to the same data ranged from 68% to 100%. The least accessible data form was the 
student achievement data, especially so among elementary and high school teachers. 
On average, classroom teachers used their own classroom generated data weekly 
or almost weekly. This was used more frequent than any other data to make instructional 
decisions. Formative assessment data was used on average once or twice a month, with 
readiness and achievement data used less frequently at less than once a month. Teachers 
also ranked their own data at “useful” to “most useful”, followed by formative data at 
“somewhat useful” to “useful”. The other two forms of data were ranked at less than 
“useful”. Classroom teachers indicated that they used other forms of data more than the 
ones specifically named in the TDUS. Popular ones mentioned included Easy CBM, 
Mastery Connect, and Standard-Based Assessments, anecdotal, observations, behavior 
reports and surveys. Although these were reported as “other” data forms, the researcher 
thought they could be included in the four main categories of data forms included in 
TDUS. In as much as most of these are progress monitoring programs or interventions, 
they provide mostly formative data that is used to determine progress towards or 
readiness to take a required assessment of grade level achievement or to determine if the 
intervention worked, and this makes them eligible to be classified as providing formative 
assessment data.  
As far as what teachers do with the each of the four forms of data included in 
TDUS, results showed more activities with teachers’ own data (ITSD), followed by 
actions on the readiness data (RD), which is also followed by activities with formative 





Classroom teachers using RD ahead of FAD came as a surprise, since the previous items 
had indicated them preferring FAD to RD or AD. A comparative analysis of teachers’ 
activities with these data is described next. 
Teachers’ responses across all four forms of data in TDUS revealed that they used 
these data to tailor instruction to individual students’ needs (IN), but to varying degrees 
in frequency with ITSD being used at least monthly while AD is used less frequently for 
this purpose, only a few times in a year. RD and AD fall in between these two, with RD 
used more than AD. The second most common use of these data was for forming small 
groups of students for targeted instruction (SG). For this use, ITSD ranked the 
highest/was rated the highest/was used most while RD and FAD fell second and third, 
respectively. The third action teachers perform on these data was to develop 
recommendations for additional instructional support (RAS). The ranking order of these 
data followed the one for SG. Using data to identify instructional content to use in class 
was shown to be the fourth most common action with these data. In this endeavor, ITSD 
was used almost monthly, and RD and FAD less frequently than ITSD but more frequent 
than AD which was used only a few times a year. Other actions teachers took on these 
data included discussing with a student, meeting with another teacher about data, 
discussing with parents or meeting with a specialist about data. However, these were less 
frequent than the first four described earlier.  
Whereas the actions on data described above were mostly a solicitation of what 
teachers do with data individually, there were TDUS items that sought to determine what 





occurred in collaborative data teams in the order from the most frequent to the least 
frequent with means (and standard deviations):  
1. We draw conclusions based on data (DC), 2.88 (0.75).  
2. We explore data by looking for patterns and trends (ED), 2.85 (0.79).  
3. We use data to make links between instruction and student outcomes (ML), 2.85 
(0.76). 
4. We identify actionable solutions based on our conclusions (IAS), 2.73 (0.74). 
5. We approach an issue by looking at data (LD), 2.69 (0.74).  
6. When we consider changes in practice, we predict possible student outcomes 
(PP), 2.67 (0.77).  
7. We identify questions that we will seek to answer using data (IQ), 2.66 (0.79).  
8. We identify additional data to offer a clearer picture of the issue (IA), 2.62 (0.80).  
9. We discuss our preconceived beliefs about an issue (DB), 2.59 (0.78).  
10. We revisit predictions made in previous meetings (RP), 2.53 (0.79).  
Classroom teachers also showed to be confident in their ability to use data 
effectively and believed that data are useful for effective pedagogy. On a scale of 1 to 4, 
the district sample mean for the scale that measured their perception of their own 
competence in using data was above three, 3.14 (0.60). 
In conclusion, evidence collected from participants in the TDUS showed that 
teachers have access to student readiness, achievement, formative, and their own data that 
are generated through classroom interactions. Of these data, teachers rely more on their 
own data in a variety of forms and formative data from benchmarks and other progress 





inform strategies to improve student achievement through individualized and/or small 
group instruction and to identify content to be used in the class. Collaborative groups 
work together to gather relevant data needed to make data-based decisions, explore 
patterns and trends in data and link them to instructional practices.  
Research Question 2  
The Research Question was: Given the expectations for increased data use for 
instructional decision making, what effects, if any, do district teachers’ perceptions on the 
levels of organizational supports, their own attitudes, beliefs, and competence, and trust 
among data team members, have on their capacity to use data?  
Several factors are known to influence use of data in informing instructional 
decisions. One such factor that was repeatedly emphasized in the literature review 
conducted was that systemic data use by teachers requires sustained organizational 
supports (Doğan & Demirbolat, 2021; Wayman et al., 2016). Such supports include 
principal leadership and exemplary data use (Levin & Datnow, 2012), district policies 
that promote data use (Hamilton et al., 2009; Schildkamp & Kuiper, 2010; U.S. 
Department of Education, 2009, 2010, 2011), and provision of technological tools to 
process and analyze data (Mandinach et.al., 2006). Along with such supports, the review 
revealed that there are environmental factors such as trust when teachers work in 
collaborative data teams (Marsh,2012; Little, 2012; Schildkamp & Kuiper, 2010). 
Teacher attitudes and beliefs towards data (Farley-Ripple & Buttram, 2015; Glennie et 
al., 2017; Mandinach et al., 2015) as well as their competence (Mandinach et al., 2015; 
Schildkamp & Poortman, 2015; U.S. Department of Education, 2011) in data use were 





answer to this question was informed by analysis of the TDUS items 10, 11, 12, 13, 14, 
and 16. In terms of the scales, these are the actions on data (AOD), supports for data use 
(OSDU), attitudes towards data (ATD), collaborative team trust (CTT) and the 
competence in using data scale (CIUD). These scales were designed to represent the 
constructs in these factors that influence whether teachers use data to make instructional 
decisions. Thus, the researcher deemed a regression model to be appropriate to 
investigate this relationship between the teacher’s actions with data, generically referred 
to here as data use, and the factors: competence, attitudes, supports, and trust, as 
explained above. The regression model was appropriate because it allowed exploration of 
the most influential component of the ones included in D3M model in explaining the 
variation in actions on data (AOD). 
 The statistical significance of the independent variables used in this exploratory 
research applying the D3M model fitting seemed to confirm the findings from the 
literature review, that these variables are important considerations when promoting data 
use by teachers. The first three variables, CIUD, ATD, and OSDU were each statistically 
significant when added to the model (Table 4.22 above). The fourth variable, CTT was 
singularly statistically significant. When the significant independent variables were added 
to the model, the researcher expected that these variables would explain a high proportion 
of the variation in the dependent variable (AOD). The proportion of the variation is the 
R2 statistic. However, in this case, the R2 value is very low (.223). In fact, almost all the 
proportion of the variation observed in this model was from the contribution of the two 
independent variables CIUD and ATD. These two variables alone accounted for nearly 





Adding the third variable, OSDU (Model 3) accounted for an additional 2.6% in the 
proportion of the variation explained by the model.  
When the fourth independent variable, CTT, was added, it did not seem to 
increase the R2 value significantly, contributing less than .05 %, bringing the total 
variation explained to 22.3%. Thus, the addition of the independent variables CTT did 
not increase the proportion of the variation explained in AOD by an appreciable amount 
beyond that already achieved using Model 3 (using the independent variables CIUD, 
ATD and OSDU). Although Model 4 (including all the four independent variables CIUD, 
ATD, OSDU and CTT was statistically significant (R2 = 0.228, F (4, 752) = 55.39, p < 
0.0005; adjusted R2 = 0.223), adding the fourth variable, CTT, was not statistically 
significant, increasing R2 by less than 0.0005 (F (4, 752) = 55.39, p > 0.05). If the 
regression model were sought for the sole purpose of predicting AOD from these four 
factors, it would be logical to conclude that the fourth variable, CTT, does not add or 
contribute significantly to that purpose and could thus be left out. However, trust in 
collaborative data teams is well researched and reported to be significantly important to 
enculturate data use practices (Datnow & Hubbard, 2015, 2016a; Dunn et al., 2013; 
Farley-Ripple & Buttram, 2015; Levin & Datnow, 2012; Little, 2012; Marsh, 2012). Low 
R2 values with statistically significant variables or observing some practically important 
variables turning out to be not statistically significant is not uncommon (Colton & Bower, 
2002; Laerd Statistics, 2015). 
Analysis of the results of the district (R2) sample of classroom teachers’ actions 
on data (AOD) showed a mean of 2.21 (0.56) on a scale that rated these active data use 





times a year”, a 3 “monthly” and a 4 “weekly.” Thus, the results show that on average, 
classroom teachers used data a few times a year, certainly less than once a month. Table 
4.20 at the end of this chapter reports the actions on data summary statistics.  
To answer the second research question and based on the statistical significance 
presented above and the underscored importance of trust in data teams (CTT), it can be 
concluded that the factors that make the components of the D3M model and discussed in 
this research are important considerations when promoting teachers to base decision 
making on data rather than intuition. With an R2 value of 0.223, it can be inferred that the 
regression model for predicting AOD, using the variables CIUD, ATD, OSDU and CTT 
was not adequate to explain the variation in AOD using these variables. However, the 
significance of these models 1, though 4, together with the literature review presented, 
indicated that these D3M components are necessary but perhaps not sufficient factors in 
determining or predicting teacher data use to inform instruction. Furthermore, just what 
other variables (factors) would be needed to improve the predictability of data use by 
teachers in the D3M model can be the subject of another investigation. The work done in 
this project affirmed what the literature review revealed about such factors as teachers’ 
competence in using data, their attitudes and beliefs towards data, organizational supports 





The purpose of this study was to explore to understand what data the case study 
school district educators at different school levels, PK-12, have access to and how they 
use those data to inform their practice. The study also explored the impact of some 
factors that emerged from the underlying literature review as influential to the promotion 
of data use culture among educators in PK-12 school system. Some such factors 
examined in this study included teachers’ beliefs and attitudes towards data (ATD), 
teacher competence in using data (CIUD), structural or organizational supports for data 
use (OSDU), and collaborative team environmental factors such as team trust (CTT). The 
actions that teachers take on various data in their practice, generically referred to as data 
use, was collectively termed teacher actions on data (AOD). Data to inform the research 
questions driving the investigation was collected using the Teacher Data Use Survey 
(TDUS), adapted for application to the district studied in this project. The TDUS was 
developed by Wayman et al. (2016) and was used with their permission. 
Limitations 
The sample used for this case study was a convenience sample and not a random 
sample. Furthermore, the researcher was a district employee as a classroom teacher and 
carried this investigation independently but with authorization from the school district.  
Therefore, generalization from the study may not hold for all the teachers in the district 
and may not apply to other school districts and their teacher populations, even if they 





conclusions were based on a combined sample (R2) which comprised of classroom 
teachers from elementary, middle and high schools. The reported results based on the 
combined sample, assume that classroom teachers at each of these three school levels 
have similar characteristics with respect to the attributes measured. This may not be 
necessarily the case and, as such, generalizations may not typify a teacher at each school 
level.  
Pursuant to this, the observed results may not be generalized to classroom 
teachers of other school districts, whether they be or not the same size as this case study 
district.  
The research questions were: 
1.  What data do teachers use and how do teachers use them to support instructional 
decisions? 
2. Given the expectations for increased data use for instructional decision making, 
what effects, if any, do district teachers’ perceptions on the levels of 
organizational supports, their own attitudes, beliefs, and competence, and trust 
among data team members have on their capacity to use data? 
Research Question 1 Key Findings 
The following were key findings from the study, with reference to the first 
research questions above: 
Key Finding 1: Classroom teachers preferred using their own data to any other to inform 
their instructional decision making, with formative assessment data as their second most 
preferred data source. Readiness and achievement data are the least used as reported by 





Teachers reported their own data as most accessible to them when needed to make 
instructional decisions. Formative assessment data came in second in reported 
accessibility as well. Although data 
Key Finding 2: Similarly, teachers perceived their own data, followed by formative 
assessment data, to be more useful in informing their instructional decisions.  
Key Finding 3: Although the perceived accessibility and usefulness of the different data 
forms are comparable at all three school levels, middle school classroom teachers 
reported higher access and higher usefulness of both the achievement and readiness data. 
It appears as though use of standardized testing data by teachers is most used in the 
middle school grades. 
Key Finding 4: The top four actions (in decreasing order of regularity of actions) that 
teachers perform with all forms of data, but more often with their own data, followed by 
formative assessment data are: 
1. Tailor instruction to individual students’ needs  
2. Identify instructional content to use in class 
3. Develop recommendations for additional instructional support 
4. Form small groups of students for targeted instruction 
Research Question 2 Key Findings 
The second research question explored the significance of four factors known to 
influence data use among teachers. The four factors considered in this study were teacher 
competence in using data, attitudes and beliefs towards data, organizational supports for 
data use, and collaborative team trust in data teams. The following were key findings 





Key Finding 5: The most significant of the four factors in the regression model used was 
teacher competence in using data, followed by teacher attitudes and beliefs and then 
organizational supports for data use. Collaborative team trust was not significant when 
considered as a factor in predicting teacher data use.    
Key Finding 6: Although classroom teachers have a positive disposition towards D3M 
best practices, results of the study show these teachers use data minimally at best. 
The survey had nine versions according to the role of the participant as classroom 
teacher (CT), school administrator such as principal or his/her assistant (ADM), or 
teaching and instructional coaches (IC). Each of these roles where further separated by 
school levels to reflect elementary (ES), middle (MS) and high school (HS). Although 
data were collected from ADM and IC as well as CT, the focus was on CT as these are 
the ultimate decision makers of what goes on in the classroom and their collective 
practices (AOD) are at the heart of the D3M model. CT made up more than 87% of the 
TDUS responses received. ADM accounted for 8% while IC made 5 % of the total 
responses received. Data collected from the roles, ADM and IC were used for 
triangulation.  
Data collected from the TDUS were tabulated and analyzed. The results were 
presented in the previous chapter and summary tables included at the end of Chapter 4. 
This section presents a summary of the findings and how these findings answer the 
research questions, discussion of conclusions and implications, limitations, and 






Relating Findings to Research Questions 
RQ 1 
To answer the first research question, two related questions are addressed. The 
first part of the question was what data teachers have access to and how often they use 
these data. The second part of the question, how do teachers use the data to support 
instruction decisions, will be addressed afterwards.  
What Data Do Teachers Use and How Often do They Use Them? 
The first part of this question is answered by data collected TDUS items 1 through 
5. The first aspect was to determine access to different data forms. Results showed that 
the four forms of data included in TDUS were accessible to teachers. Using data from all 
the responses (n = 1046) without restrictions to educator role or school level, the most 
accessible data, at 97%, was the teacher’s own data (ITSD) generated from various 
sources in the classroom. The least accessible was student achievement data (AD) at 
77%. Formative assessment data (FAD) and readiness data (RD) had each a reported 
access rate of 91% and 84% respectively. These results are consistent with the literature 
review that touts the lack of timely availability of these data to teachers (Farley-Ripple & 
Buttram, 2015; Ikemoto & Marsh, 2007; Kerr et al., 2006; Marsh, 2012; Marsh et al., 
2006; Schildkamp & Kuiper, 2010; Supovitz & Klein, 2003; U.S. Department of 
Education, 2010) and their lack of user friendly format for use by teachers (Chick & 
Pierce, 2013; Mandinach & Gummer, 2013; Marsh, 2012; Schildkamp & Kuiper, 2010; 
Schildkamp & Poortman, 2015). Item 3 of the TDUS revealed teachers accessed other 
forms of data not specifically included in the TDUS. Generally, these other sources were 





Elementary school teachers (ESTs) used such programs the most, followed by middle 
school teachers (MSTs). Such programs were not widely used by high school teachers 
(HSTs). This may be because remedial instruction is needed and may be more successful 
at lower grades than they are at high school grades. Younger students are more receptive 
to interventions to help them than teens in high school who may have misconceptions 
about remedial programs. 
TDUS items 2 and 4 sought to know how often teachers used RD, AD, FAD and 
ITSD data forms and if they perceived these data to be useful for informing their 
instructional practices. Only responses from classroom teachers (n = 839) were used to 
inform this question. Results showed that teachers used their own data (ITSD) most 
frequently (about once a week). Such data included attendance records, classroom 
generated assessments, observations, classwork, and homework. This was followed by 
formative assessment data (FAD) such as the measurement of academic progress (MAP), 
and other district formative or benchmark and interim assessments in mathematics and 
reading. These were used about once a month. Readiness (RD) and Achievement (AD) 
data we used less frequently, less than once a month. MSTs used RD and AD more often 
than HSTs and ESTs but less frequently than they used ITSD and FAD. This observed 
teachers’ preference for FAD ahead of AD and RD is consistent with the literature 
reviewed (Breiter & Light, 2006; Gill et al., 2014; Marsh et al., 2006; Schildkamp & 
Kuiper, 2010; Supovitz & Klein, 2003; Wayman et al., 2012). 
In summary, teachers turn to their own data most frequently, followed by 





week for ITSD and at least once a month for FAD. RD and AD are perceived to be less 
useful and therefore used less frequently than ISTD and FAD. 
 How do Teachers Use These Data to Support Instructional Decisions? 
There were five TDUS items devoted to capturing teachers’ perceptions and 
actions with these data. Four of these items 6, 7, 8, and 9 were measured by the scales 
AWRD (actions with readiness data), AWAD (actions with achievement data), AWFAD 
(actions with formative assessment data), and AWITSD (actions with individual teacher 
student data). The fifth scale measured the teacher actions in collaborative data teams 
(ACT) and was from item 17 of TDUS. Together these five scales made up a composite 
scale, actions on data (AOD). There were eight actions identified and used to measure the 
level of actions with the four data forms presented (RD, AD, FAD, and ITSD). Table 5.1 
below summarizes and ranks the eight actions for each of the data forms. These actions 
were given in Table 4.5, along with the acronyms used to keep referencing text short. 
Findings on each scale and the composite scale will be summarized first and these 
findings will then be used to answer the question above and subsequently used to answer 
the first research question. 
Table 5.1 Actions Ranking for Different Forms of Data 
  Action Rank in Data Form 
Acronym Data Action RD AD FAD ITSD 
IN Tailor instruction to individual students’ 
needs 
1 1 1 1 
ID Identify instructional content to use in class 5 4 2 2 
RAS Develop recommendations for additional 
instructional support 





  Action Rank in Data Form 
Acronym Data Action RD AD FAD ITSD 
SG Form small groups of students for targeted 
instruction  
2 2 3 4 
DS Discuss with a student 4 5 5 5 
MT Meet with another teacher about this data 6 6 6 6 
DP Discuss with a parent or guardian  7 7 8 7 
MS Meet with a specialist about this data  8 8 7 8 
 
Teachers reported performing these actions more often with their own data than 
with any other data. On a scale of 1 to 4 when 1 indicates performing the action once or 
twice a year, 2 indicates performing the action a few times a year, 3 indicates monthly 
action, and 4 indicates weekly action, teachers performed these actions on their own data 
at least a few times a year for MT (ranked 6th in the table above), DP (7th), and MS (8th). 
They used their data more frequently (monthly) as ranked in the table above to: IN (1st), 
ID (2nd), RAS (3rd), SG (4th) and DS (5th). In all data forms the most performed actions 
were IN, ID, RAS, and SG. The common theme in all the four actions is informing 
instructional content or strategy. Results showed there was very few actions with 
achievement data. The results were surprising for actions with FAD, which showed a 
little departure from the previous teacher preference of this type of data ahead of RD and 
AD. The top four actions mentioned here were ranked for FAD as they were for all the 
other data forms. However, the last four (DS, MT, MS, and DP) had means below 2, 
suggesting that they are less frequently performed at a few times a year. Tables with all 
the summary statistics are given in Appendix A, Table 4.22, Table 4.23, Table 5.1 and 





Literature review revealed that teachers generally do not trust standardized testing 
data (Jimerson & Wayman, 2015). One of the reasons often cited for this is the lack of 
timeliness in availability of these data (Donhost & Anfara Jr, 2010; Farley-Ripple & 
Buttram, 2015; Marsh, 2012; U.S. Department of Education, 2010). Another reason is 
that these data are provided few and sparse data points that teachers feel do not connect 
well enough to give a fuller picture of the student learning trajectory (Black & Wiliam, 
1998). Readiness and achievement data fall into the category that feeds into the negative 
teachers’ perceptions described here. Consequently, they use those data less and rely 
more on their own data instead. Thus, these results are consistent with the literature 
reviewed on this topic. The fact that the district teachers do not use data as extensively as 
expected, given their positive data use disposition, may suggest that some teachers rely 
on experience and intuition more while they may be also trying to incorporate some D3M 
practices (Dunn et al., 2020; Vanlommel et al.,2017). In their study of some Belgian 
primary teachers, Vanlommel et al. (2017) concluded that the teachers in the study used 
little data and more intuitive expertise and experience in making instructional decisions. 
From their study, Dun et al. (2020) advocate for what they deemed a new paradigm for 
evidence-based practice that treat teacher experience and intuition as equally important as 
data.  
The finding of low data use in this study is consistent with some research that 
shows that teachers are reluctant to use data, as evidence by low fidelity with a data use 
intervention applied to some schools in Denmark (Andersen, 2020). While the data 
collected in this study cannot be used to infer or corroborate these findings with certainty, 





rely somewhat more on intuition and experience than data? The same Danish schools 
study revealed that when there was a mismatch between what the data showed and their 
subjective assessment of a student, teachers were more likely to look for individual 
explanations that show why data were wrong. The researcher attributed part of the reason 
for this observation to be a lack of data literacy skills on the teachers’ part. This is further 
corroborated by Reeves & Chiang (2018) who found that data literacy interventions for 
D3M positively impacted teachers’ instructional practices through data use. Further 
research may be needed to understand this phenomenon. A comparative study with 
teachers that have been though data literacy training may help answer these questions. 
For now, it suffices to say that the district teachers like ideas about data and data 
practices as espoused by D3M, but are not totally prepared to implement D3M practices 
with fidelity.   
The results showed that teachers are active in collaborative teams. The identified 
actions for this data scales ranged from a mean on 2.53 to 2.88, indicating that the actions 
are routine, performed almost monthly. The table of acronyms for the actions associated 
with this scale are given in Table 4.10. The actions in their order of frequency are: DC, 
ED, ML, AS, LD, PP, IQ, IA, DB, and RP. The top three actions indicate that teachers 
engage with data by drawing conclusions from data (DC), explore data to discover hidden 
patterns and trends and making links between instruction and student learning outcomes. 
The statistical summaries for this scale are given Appendix A, Table 4.4  
From the foregoing paragraphs it can be concluded that teachers have access, 
through the district technology provisions, to different forms of data, including readiness 





classroom generated data (ITSD). Teachers also have access to other sources of data 
including some online applications that enable them to individualize and monitor student 
progress in reading, mathematics, and other subjects. Results also showed that teachers’ 
general data preference places their own data ahead of other forms of data. This is 
consistent (or not consistent) with the research literature (citation). FAD comes second in 
preference. Achievement data is the least used form of data by classroom teachers. 
Teachers’ actions, prioritizing use of their own data, but also using the other forms of 
data, mostly use these data to make instructional decisions such as individualizing 
instruction (IN), identifying instructional content to use in class (ID), developing 
recommendations for additional instruction (RAS) and for forming small groups of 
students for targeted instruction (SG). These findings are also consistent (or not 
consistent with the research literature (citation/s). Teachers have the easiest access to, and 
trust more, their own data, as opposed to data generated from external sources 
(citation/s). 
RQ 2  
TDUS items 10, 11, 12, 13, 14, 16, and 17 were used to gather data that were used 
to answer this question. A summary of each of these individual TDUS items will be 
presented and then synthesized to answer the second research question from the results of 
the investigation.  
Item 10 of the TDUS sought to measure the district teachers’ perceptions on the 
level of support for data use by the school district’s policies and practices. This item 
represented a scale that was part of a composite scale that measured organizational 





they were supported by the district in their data use efforts. They were most agreeable 
that the district adequately prepared them to use data. Although teachers were agreeable 
on most items, they were least agreeable on the scale item about the district providing 
PDs that were useful for learning about data. The mean for the item PDU (See Table 4.12 
and Table 4.13) was 2.85 (0.77) on a scale of 1 to 4 where 1 = Strongly Disagree, 2 = 
Disagree, 3 = Agree and 4 = Strongly Agree. With this level of support positively 
perceived by teachers, one would assume that this enables district teachers to use data 
more. Organizational support is recognized as one of those enabling factors for teacher 
buy-in to using data to inform instruction (Huguet et al., 2014; Marsh et.al, 2015; U.S. 
Department of Education, 2009, 2010). The low level of district teacher data use 
observed in this study does not match the positive perceptions that they have of the 
organizational supports they seem to enjoy. Perceptions of adequate levels support 
through principal leadership, district policies and practices related to data use and 
provision of technology tools seem to tell a different story than what is happening in the 
classroom with regards to data use practices.  
Effective use of data to inform instructional practice is a complex endeavor, 
according to Mandinach, Honey, et al. (2006), Mandinach & Schildkamp (2020), and 
Walker et al. (2018). According to the authors, the required data literacy skills are often 
lacking in teachers, even if they are keen to use data to inform instruction. They point out 
the common misconception of equating assessment literacy with data literacy. The former 
can be achieved by a basic training in statistics (Chick & Pierce, 2013), and almost all 
teachers take some elementary statistical course in their teacher prep programs or through 





examined literature on the conflation of assessment literacy with data literacy and 
developed a data literacy continuum from novice to expert that could provide a basis for a 
roadmap to courses on data literacy in teacher preservice programs and in-service PDs. 
The district classroom teachers’ less agreeability of the usefulness of the organizational 
PDs in learning about using data effectively may offer a window into the possible 
explanation of the contradiction noted described above. Further research would be needed 
to learn more about why there appeared to be a contradiction between district teachers’ 
attitudes and practice. 
TDUS item 11 sought to find out about the district teachers’ beliefs and attitudes 
about data. It sought to measure their beliefs about data’s effectiveness for pedagogy and 
their attitudes about data in general. The item represented the scale that measured teacher 
attitudes towards data (ATD). Table 4.18 in Appendix A has the summary data. Results 
showed that the district teachers (n = 698) had positive attitudes towards data. They were 
agreeable to the position that data was useful for effective pedagogy and that data helped 
them to be better teachers. With research showing that positive beliefs and attitudes about 
data use are important if D3M is to be enculturated (Brown, Lake, and Matters, 2011; 
Datnow and Hubbard, 2016; Dunn et al., 2013), the district teachers’ perceptions are in 
unison with research findings. 
TDUS item 12 measured district teachers’ perceptions of the level of 
organizational support for data use through school principal leadership. This item 
represented a second scale in the composite scale, OSDU. Six hundred and ninety-four 
teachers completed this item. Statistical summary is presented in Table 4.14 in Appendix 





The least agreeable item on the scale was over protected time for data use. Protected time 
is time set aside during official school hours for teachers to collaborate on data inquiries 
(NCTE Assessment Task Force, 2013). This had a mean of 2.91 (0.75) on a scale of 1 to 
4 as described previously. This suggests that teachers would have an increased buy -n if 
they had more time set aside to collaborate in data teams. District teachers were most 
agreeable to principals encouraging data use as a tool to support effective teaching. This 
result also showed that the district teachers enjoy the school administrators’ support for 
data use as recommended by research findings (Levin & Datnow, 2012). 
TDUS item 13 sought to measure teacher perceptions about organizational 
support through provisions in technological infrastructure to enable teachers to process 
and use data effectively. This item represented a scale that together with two other scales 
above measured the composite scale, OSDU. Research touts this as an important 
provision if teachers are to be able to process and analyze data meaningfully (Donhost 
and Anfara Jr., 2010; LaPointe et al., 2009; Light et al., 2005; U.S. Department of 
Education, 2009, 2010). Results from the teachers who competed this item (n = 693) 
showed that the district teachers received an appreciable level of support with technology 
tools they need to manipulate data. They were agreeable when asked if the district 
computer systems gave them access to lots of data, were easy to use, allowed them to 
examine different types of data and were able to generate useful graphical displays.  
TDUS item 14 measured teachers’ self-perceptions on their own competence in 
using data. This item represented the competence in data use scale (CIUD). This is also 
one of those factors that research posits as fundamentally important for effective data use 





overwhelming confidence in their data use competences. They believed they were good 
at using data to diagnose student learning needs, adjusting instruction based on data, 
using data to plan lessons, and setting student learning goals. The means for each of these 
items was above 3 on a scale of 1 to 4 as described previously.  
TDUS item 16 solicited for teachers’ perceptions on the prevailing environmental 
factors in their data use collaborative sessions. It sought to find if there was trust among 
members of collaborative data teams, a required ingredient for systemic and 
institutionally wide data use practices (Marsh, 2012). This was represented by the 
collaborative team trust scale (CTT). Results from teachers (n = 625) showed that 
teachers trusted their teammates and the leadership in their data teams. According to 
Marsh (2012), a high level of trust is conducive to enculturating D3M practices. The 
district teachers believed there was trust among members of data collaborative teams. 
Item 17 on the TDUS has already been discussed in a previous section. It is 
included here since collaboration is a social activity (Farley-Ripple and Buttram, 2015; 
Little, 2012; Spillane, 2012) and is necessary to make data use practices in the institution 
involve all members of the institution. Results from this scale showed that district 
teachers were actively engaged and regularly collaborated on data themes. The actions 
they perform in these collaborative meetings suggest there is engagement with data 
practices. However, this is not translating to active data users, district-wide.  
Given that these factors above (CIUD, ATD, OSDU and CTT) are known to 
influence data use practices, the researcher explored the possibility of predicting data use 
(AOD) using these factors as input parameters, as well as investigating the effect of each 





when using the factor as an independent variable in a regression model. For that purpose, 
various regression models were considered, and the multiple regression (MRM) was 
chosen. This was considered appropriate because the effect of each variable on the 
prediction of AOD was of interest. Assumptions for the mode were checked for any 
serious violations of the conditions when using the model. No serious violations were 
observed, and the model was applied. Results were reported in a previous section and are 
summarized here. 
 The results of applying the MRM were significant (see Table 4.22). The full 
model (Model 4) was statistically significant, R2 = 0.228, F (4, 752) = 55.39, p < 0.0005; 
adjusted R2 = 0.223. The three variables CIUD, ATD and OSDU were each statistically 
significant (Table 4.22). Model 1, using only the teachers’ competence level (CIUD) as a 
predictor of them using data for decision making showed a significant R2 of 0.119, F(1, 
755) = 102.02, p < 0.0005. Model 2 (Model 1 with the attitudinal value was added) 
resulted in a statistically significant increase in R2 of 0.082, F (2, 754) = 94.91, p < 
0.0005. Model 3 (Model 2 with OSDU added) was also statistically significant but with a 
rather smaller increase in R2 of 0.026, F (3, 753) = 73.85, p < 0.0005. However, adding 
CTT in Model 4 did not significantly change the R2. The increase was less than 0.0005, F 
(4, 752) = 55.39, p > 0.05. Given the importance of the “trust” element in data teams’ 
collaborative efforts (Levin & Datnow, 2012; Little, 2012; Marsh, 2012), the lack of 
statistical significance of this factor was rather surprising. TDUS results revealed that 
district teachers’ morale and trust in their data teams collaborative initiatives was high, 
with a CTT scale mean of 3.19 (0.56) on a scale of 1 to 4. This mean represented that 





expectation was that this factor would be a significant variable in predicting teacher data 
use. The MRM procedure showed otherwise. Although the lack of significance of CTT 
raises some questions, this phenomenon is not at all uncommon, according to Colton & 
Bower (2002) and Laerd Statistics (2015). The following paragraph explains more. 
Colton & Bower (2002) warn against arbitrarily establishing a threshold for 
acceptable values of R2 with disregard to other factors, even in research whose objective 
is to make prediction using the model. The authors argue that doing so may lead to overly 
high or low R2 values, such as over-fitting the model which tends to lead to high R2 
values or errors in the sampled data, which tends to produce low R2 values. It is entirely 
possible that the latter may be the case in this project. Laerd Statistics (2015) advices 
researchers to not judge an independent variable’s worth by its statistical significance. 
Instead, the Laerd Statistics (2015) urges consideration of the variable’s magnitude and 
precision as may be reported by confidence intervals, for example, and to consider the 
theoretical importance of the variable to the construct being considered. The importance 
of the four variables considered here has been shown, through presented literature review, 
to be important considerations in promoting systematic and sustained data use by 
teachers. Additionally, the objective in this exploratory research was not prediction, but 
rather an investigation into the importance of these factors in influencing data use (AOD).  
These four constructs are an integral part of the D3M framework presented in this 
study. Examining these constructs helps bolster their significance and seeks to reaffirm or 
challenge what research revealed about these constructs. As it turned out, three of these 
four components of the model turned out to be statistically significant. This significance 





OSDU play in enculturating data use practices. The one that did not show statistical 
significance, collaborative team trust (CTT) came as a surprise. Research shows that trust 
is a very important element in data teams. What was even more surprising was the fact 
that this variable (CTT) had the higher mean of 3.19 (0.56) than the other three variables, 
showing that the teachers were most agreeable that there was trust among members of the 
data team in their school. So how did the most agreeable component of the model become 
the least significant statistically? Could it be that the instrument (TDUS) needs retooling? 
Further investigation is needed to answer these questions. 
Table 4.21 in Appendix A shows a mean of 2.22 (0.57) for the composite scale of 
actions on data (AOD). On a scale of 1 to 4, where the number represents the frequency 
of using data, 1 = “less than once a month”, 2 = “once or twice a month”, 3 = “weekly or 
almost weekly” and 4 = “a few times a week”, the results showed that district teachers’ 
use of data is about average, trending at about “once or twice a month”. The same 
teachers had well above average scale values on the factors considered to be requisite for 
enculturated data-driven decision-makers (D3M). The means for these four factors were 
3.14 (0.53), 3.11 (0.51), 3.19 (0.56), 3.12 (0.46) corresponding to CIUD, ATD, CTT and 
OSDU, respectively. These values are based a scale of 1 to 4 to represent the level of 
agreement to positive statements about best practices in data use, where 1 = “Strongly 
Disagree”, 2 = “disagree”, 3 = “agree” and 4 = “Strongly Agree”. Thus, with respect to 
best practices in data use, teachers were agreeable that they had: adequate organizational 
supports (OSDU), competence required to use data effectively (CIUD), positive attitudes 
towards data and their effectiveness for pedagogy (ATD) and trusted their leaders and 





teachers have positive perceptions of the expectations of effective data use but fall a little 
short in actualizing these positive attributes. The mean value of actions on data (AOD) 
2.21 (0.56) indicated that teachers used data once or twice a month, far less than one 
would expect teachers with positive depositions towards the usefulness of data in 
informing instructional practices. The means of the factors used to measure the 
disposition were all above 3, representing positive perceptions of best practices in data 
use. The mean for CIUD was 3.14 (0.53), that of ATD was 3.11 (0.51), and for OSDU 
was 3.12 (0.46) while CTT had a mean of 3.19 (0.56). So, it seems then that Teacher 
Beliefs and Attitudes (in your CF model) may not influence as much their Teacher Data 
Use Competencies or calls for further research to refine and unpack your CF. Ideally, 
maybe all those ‘external’ factors (Teacher Beliefs and Attitudes, Teacher Data Use 
Competencies, Teacher Collaboration on Data Use, and Supports need to all be ‘met’ in 
order for Teacher Data Actions (the central focus of your model) and its 5 surrounding 
stages to be fully realized. And/or further research needed because even when teachers 
are agreeable that those 4 external factors are being met – or they perceive they are being 
met, there is still some disconnect or challenge in fully actualizing their Data Actions. 
With the findings reported above, it can be inferred, with respect to the second 
research question above, that the factors considered in the D3M model are important 
considerations to be contemplated in efforts to promote data use by teachers. This is 
evident in the significance of the variables (factors) in the MRM model. It can also be 
noted that the positivity of the teachers’ perceptions on data-use best practices did not 
directly or proportionally correlate with high levels of teacher actions on data (high mean 





use (AOD)). In other words, even though the teachers are aware and receptive to 
amenable data practices these attitudes did not translate to using data more. One possible 
explanation could be lack of PD that specifically focusses on intentional data use to make 
instructional decisions. Such was a finding by some researchers who developed a training 
course in which some Dutch school teams learned how to utilize data from computerized 
student monitoring systems in order to improve instructional quality (Staman et al., 
2014). After all, teachers in this project were less agreeable on the usefulness of the PD 
provided by the district, in learning about data. The study from the included Dutch 
schools revealed that teachers had high attitudes pre- and post- training, but considerably 
more D3M knowledgeable and more D3M skillful than they were before training, and that 
their students outperformed those in schools whose teachers did not receive similar 
training. This observation will be revisited in the section below.  
Conclusion, Implications and Recommendations for Future Research 
Conclusion 
Several findings were evident from the analysis on the data collected. First, four 
data types were specifically included in the TDUS implemented in this study. They 
included readiness data (RD), achievement data (AD), formative assessment data (FAD) 
and teachers’ own data (ITSD). Although teachers in the case study school district 
admitted to having access to all these four forms of  data, they indicated that they 
primarily depended one form of data (ITSD) followed by FAD.  
Secondly, teachers also showed a corresponding order of preference with respect 





scenarios involving use of data, RD and AD were deemed the least accessible, least 
useful, and least used data.  
Thirdly, results show that AD and RD can be useful data for teachers to use in 
their instructional decision making. Middle school teachers used these data more 
compared to teachers at other school levels. This shows that it is possible to use these 
data. 
Fourth, teachers used data mostly to meet student needs at individual or small 
group arrangements but also to identify instructional content to teach. These actions were 
common for all four types of data, including the less frequently use RD and AD data 
forms.  
Fifth, three of the four factors explored and that are known to influence data use 
(CIUD, ATD, OSDU) were confirmed to be significant influencers. However, the fourth 
factor, collaborative team trust (CTT), did not show to be statistically significant as a 
factor in predicting data use by teachers. Thus, although this factor is known to be of 
practical significance, in the exploratory model considered in this study, it did not show 
any significance. 
Lastly, and more importantly, even though the teachers’ dispositions towards data 
were favorable, this was not the case with regards to a measure associated with the 
regularity of their data use. The results showed high indices (mean perception values) for 
CIUD, ATD, OSDU and CTT but low index for AOD (data use).  
Although teachers in the study had positive perceptions on recommended best 
practices in using data to inform instructional practices, as suggested by high means from 





For example, the mean for actions on data was consistently lower than each of the means 
for those factors included in this study that are known to positively influence data use 
practices. Their perceptions placed them as substantially agreeable to best practices as 
presented in TDUS. As such, one would expect higher activity with data than the “once 
or twice a month” frequency observed in this study. Furthermore, these desirable teacher 
perceptions that were revealed in their attitudes towards data, their confidence in their 
ability to harness the power of data to improve instruction, their appreciation of 
organizational support for data use and the largely positive interactions with school 
leaders and colleagues during collaborations in data teams suggest that the potential for 
capacity and enculturating data use practices is there. However, this capacity, as 
envisioned by the D3M model, remains largely unrealized for the teachers in the school 
district. Like the Dutch schools study cited above, offering sustained PDs that focus on 
intentional use of the data that the teachers have access to, including using readiness, 
achievement and non-assessment data, has a potential to increase data use capacity. This 
would be part of that Support component of the D3M model correct, and maybe PD that 
addresses the other three nodes of Teacher Belief and Attitudes, Teacher Data Use 
Competencies, and Teacher Collaboration on Data Use – and the need for classroom-
embedded PD that may further impact that central node/circle of Teacher Data Actions 
that allows teachers to complete the 5-stage cycle using some of the least used data 
sources they noted. This may be a recommendation or implication below. 
Implications 
From the concluding points noted in the section above, especially the last one, the 





concern for D3M advocates in general and for district and school improvement leaders 
and policy makers Spillane (2012) and Wayman (2005). Whereas this phenomenon is 
beyond the scope of this research project, there are implications from both the results or 
literature reviewed that may shape or inform possible subsequent research to understand 
more about what it may take for more teachers in the district to use data more, perhaps at 
a frequency more commensurate with their reported positive dispositions about D3M. A 
few of such implications will be presented below.  
There is an overwhelming support for using data from multiple sources (when 
available) when making important decisions about student learning outcomes (Donhost & 
Anfara Jr, 2010; Dunn et al., 2013; Halverson et al., 2007; Hamilton et al., 2009; 
Jimerson & Wayman, 2015; Kerr et al., 2006; Mandinach et al., 2015; Marsh et al., 2015, 
2006; National Council of Teachers of Mathematics, 2014; Schildkamp & Poortman, 
2015; Spillane, 2012; U.S. Department of Education, 2010). Such sources include 
readiness data, achievement data, formative assessment data, demographic data, student 
behavioral records data, special education plans and interventions, data that teachers 
generate from classroom observations and interactions, and many other forms of school 
and student data that may be available to teachers. The district teachers’ overreliance on 
their own classroom generated data may limit the effectiveness and validity of the 
instructional decisions they make. Reasons for irregular use of other forms of data such 
as readiness and achievement data (commonly classified as standardized assessments 
data) include these data’s lack of timely availability (Farley-Ripple & Buttram, 2015; 
Ikemoto & Marsh, 2007; Lachat & Smith, 2005; Light et al., 2005; Marsh, 2012; Reeves 





Education, 2010). By default, teachers are limited to the data that are readily accessible to 
them, even though these data may not be adequate to fully inform the teacher’s 
instructional decisions. Recommendations include efforts to reduce the turnaround time 
for data from standardized tests as that would encourage the teachers to use these other 
data regularly (Farley-Ripple & Buttram, 2015; Light et al., 2005; Marsh et al., 2006; 
Schildkamp & Kuiper, 2010; U.S. Department of Education, 2010), and to find ways to 
encourage teachers to increase their use of other forms of data such as the ones 
mentioned at the beginning of this paragraph.  
Although the district teachers in this study had a positive disposition to best 
practices in data use (high means in scales that measured these attributes), they seemed 
not to be actively engaged in data use as one would expect. The explanation to this 
disconnect is beyond the scope of this study and would make a good follow-up 
investigation; however, some results offered possible clues. Analysis of the data showed 
relatively lower means for teachers’ perceptions on being granted protected time to work 
with data (PTD, See Table 4.14), and the efficacy of the PDs on learning about data use 
may hold a hint. The implication is that if teachers do not generally feel that the PDs 
meant to equip them with the skills to effectively use data and feel that they are not 
provided with protected time devoted to issues around using data, they are less likely to 
use data regularly. Provisions, by school administration, of time dedicated to data use 
practice collaborations, are likely to promote more data use by teachers (Honig & 
Venkateswaran, 2012; Marsh, 2012; U.S. Department of Education, 2010). PDs are the 
most commonly referred form of human support intervention for data use (Honig & 





tripartite effort that brings together resources from higher education institutions, the 
instructional capacity of PD providers and the authentic experience of school-based 
practitioners. The U.S. Department of Education (2009) encourages PD to be presented 
district-wide and suggests that they be offered as a prerequisite to systemic D3M efforts 
while also forewarning that identifying and implementing effective PD practices that 
actually transform instructional practices is a major challenge. The implication here is for 
the district to invest in initiatives by finding and implementing effective district wide PDs 
aimed at empowering teachers with data use practice skills.  
District teachers in the study were agreeable that the level of support through 
computer data systems was good. Although the study did not collect data on the specific 
computer data system features, the least agreeable general attribute on the technology 
provided by the district was GUD (See Table 4.12 and Table 4.15), the provided 
technology’s ability to generate displays that were useful to the teacher, followed closely 
by EU (easy to use) and EVD (ability to examine different data types at once). They were 
most agreeable to the ability to access lots of data (AD) and that they were easy to use 
(EU). Even though all these attributes of the computer systems were rated above 3, on a 
scale of 4, such slight concerns as GUD, EU and EVD can hold back a teacher from 
routinely examine data for use in decision making. The U.S. Department of Education 
(2009) noted the inability of computer data systems to generate reports detailed enough to 
inform the teacher about individual students’ strengths and weaknesses. The district 
might do well in ensuring that teachers have the necessary technological tools and are 
trained to effectively use the technology to harness knowledge that impacts their 





enculturating D3M. The assumption that the current “instructional coach” (IC) positions 
at all school levels in the district are “data coaches” was challenged by some survey 
completers as they commented that they help teachers use technology in the classroom 
but are not instructional data coaches. According to Hamilton et al. (2009), it is 
recommended that a district develop and maintain a districtwide data system that employs 
among other stakeholders, external vendors with technical expertise. This is especially 
true if the computer data systems are externally sourced, as opposed to data warehouse 
systems developed locally by the district personnel (Gill et al., 2014). 
The literature review revealed that lack of data literacy may be an issue that 
impedes data use practices educators (Chick & Pierce, 2013; Mandinach & Gummer, 
2013; Marsh, 2012; Schildkamp & Kuiper, 2010; Schildkamp & Poortman, 2015). 
Without data literacy, when teachers are faced with data reported in complex forms or 
formats that are less user friendly, they are dissuaded from engaging in sustainable data 
use practices. The TDUS instrument asked teachers about their own perceptions on their 
competence to use their own data. The results showed they were confident in their skills 
to use data, with mean (standard deviation) of 3.14 (0.53) on a scale with 4 as highest 
rating. In fact, this attribute, the ability to use their data was the most significant factor, 
according to the MRM, in determining data use actions (AOD) from the four variables, 
CIUD, ATD, OSDU and CTT. The implications of this are more complex and require 
further investigation to understand why, if they have the skills, they do not employ those 
skills to use data at a higher frequency than observed from the data. However, 
Mandinach, Friedman, and Gummer (2015) make a distinction between assessment 





limited to knowledge and skills of data collected from classroom, school, district and 
state measures, data literacy requires knowledge about other data as well, such as 
perception, motivation, process and behavior and skills required to use these data 
effectively and responsibly (Mandinach & Gummer, 2013). This lack of data literacy, 
they add, is further exacerbated by the fact that most schools of education in the U.S. do 
not offer courses to prepare teachers towards D3M, but rather emphasize assessment 
literacy in their teacher preparatory courses. As a result, PD becomes the most viable way 
to prepare in-service teachers to use D3M, notwithstanding the fact that effective PD are 
hard to find. It is entirely possible that the confidence expressed by the teachers in using 
data comes from assessment literacy, the default curriculum component in most teacher 
education programs in higher institutions of learning. If that be the case, the implication 
is that teachers need PD to develop the possibly lacking data skills. Such skills are likely 
to enable teachers to include multiple data sources and not be limited to their own sets of 
data.  
Recommendations for Future Research 
With such positive disposition on best practices for data use the minimal data use 
observed does not make much sense. One cannot help but wonder if it possible that there 
is conflation of data literacy with assessment literacy. If so, is this unique to the district or 
true for teachers in other districts too? If this is true and not unique to the case study 
district, then the implication is for schools of education nationally to prepare preservice 
teachers by offering in-depth data literacy courses. Meanwhile districts may invest well 
in developing or finding professional development providers with expertise in data 





The MRM model on AOD using ATD, CIUD, OSDU and CTT was significant 
but these four variables explained very little variation in AOD. This suggests there could 
be other factors that need to be considered if the model would be useful for predicting 
teacher actions on data. Future research may be needed to find out if more variables need 
be added to improve the power of the model to predict teacher actions on data. In some 
cases adding more variables may not improve the power to predict (Colton & Bower, 
2002; Laerd Statistics, 2015). In that case, maybe a different instrument or a modified 
TDUS may better be able to gather data that may improve the model’s capability to 
predict.  
 There were nine versions of the TDUS survey. Further analysis could be done to 
determine if there are any differences in data use by school levels or by educator role: 
administrator, classroom teacher or instructional coach. Perhaps the sample sizes could 
be selected using random methods and selected to make comparable sample sizes for 
classroom teachers, administrators, and instructional/learning coaches. The sample 
composition used in this case was overwhelmingly classroom teachers.  
Summary 
Whereas district teachers admit to having access to other forms of data besides 
their own data and whereas teachers have positive disposition towards the usefulness of 
data for pedagogy and for instructional data-driven decision-making, they 
overwhelmingly showed preference for using their own data ahead of any other for 
instructional decision-making, and only minimally practiced “data use.” District teachers 
may be ready for the next step towards data use enculturation, if only with the right 





with teachers in using multiple data forms is likely to build then capacity necessary to 
enculturate D3M district wide.  
Teachers’ data-driven decision-making primarily focuses on meeting student 
needs at individual or small group levels. The top four D3M actions, in order from first to 
fourth, with these four data forms are: tailoring instruction to meet individual student 
needs, identifying instructional content to use in class, and developing recommendations 
for additional support, respectively. These actions may be richly informed if teachers 
were to incorporate data literacy strategies that encourages use of data from multiple 
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APPENDIX A: SUPPORTING DOCUMENTS AND TDUS INSTRUMENT VERSIONS 
SCDOE Statewide Testing Programs 2020 2021School Year 
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Algebra 1         E E E E   
 Biology 1           E E   
 English 1           E E    
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 Social 
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 PK K 1 2 3 4 5 6 7 8 9 10 11 12 
Language 
Learners 
C Census tests (also highlighted in blue; tests for selected subgroups of students are highlighted in green).  
D Districts have the option of which one of three PK tests to administer. Districts also have other options than the Iowa 
Assessments for G&T screening (Dimension B). 
O Districts must offer students the opportunity to take one of these tests. 
E End-of-course tests are administered at the end of the appropriate high-school-credit courses, which may be taken by 
students in various grades (highlighted in light blue). Small numbers of students from outside the typical grade ranges also take 
these courses/tests. 
G Selected students attempting to qualify for Gifted & Talented programs are assessed in these grades.  
N Representative samples of students are selected to participate in operational NAEP tests.  
NP NAEP Pilot tests will be administered in various subjects in grades 4, 8, and 12. 
L Students who are English Language Learners and who have not demonstrated proficiency in English are assessed in these 
grades. 
TBD as of the current date, a career readiness assessment has not been selected for 2017-18. (An RFP has been issued, but no 







SC Testing Programs 2019-20 School Year  








Age in Years* 
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Note. A Students tested using alternate assessments. 
L Students who are English Language Learners and who have not demonstrated proficiency in English are assessed at these 
ages. 
 Alternate ACCESS is available to students through age 21. 








Other Testing Programs Administered in SC 2019-20 School Year 






















(Gr. 10)  
Various 
subjects 
           R   









          U U   
Advanced Placement AP Various 
subjects 





            IB IB 
 
Note. F Tests on Adoption List of Formative Assessments are available for district use. R For all tenth graders in South 
Carolina public schools, the State will reimburse schools for administering any one of these assessments. U Administered as 
part of U.S. Government course. AP Students taking Advanced Placement courses must score at certain levels on AP tests to 
earn college credit. Small numbers of students from outside the typical grade ranges also take these courses/tests. 
IB Students taking International Baccalaureate courses must score at certain levels on IB tests to receive credit towards an IB 
diploma. Small numbers of students from outside the typical grade ranges also take these courses/tests. 






Table A.4 RSD2 Comprehensive Student Assessment System 




Assessment Name Dates Description 
PK Instructional Strategies 
GOLD (Gold) 
First 45 days, last 
45 days 
Gold is an authentic, ongoing, observation- based 
assessment system. It is based on 38 objectives for 
development and learning that include predictors of 
school success and are based on school readiness 
standards. This state mandated assessment is used 
to measure readiness. 
Kindergarten Developmental Reading 
Assessment, Second 
Edition (DRA2) 
First 45 days, last 
45 days 
DRA2 is a reading assessment designed to assess 
student reading engagement, fluency, and 
comprehension. This state mandated assessment is 
used to measure readiness. 




selects a week 
between January 
and March 
Ravens CPM is designed to measure abstract 
reasoning and is regarded as a non-verbal estimate 
of fluid intelligence. Richland Two uses this 
assessment as an early screening assessment for the 
identification of giftedness. 
2 Cognitive Abilities Test 
(CogAT) 
Each school 
selects three days 
between October 
24 and 
November 14, 2016 
The CogAT assessment is intended to estimate 
students’ learned reasoning and problem-solving 
abilities through a battery of verbal, quantitative, 
and nonverbal test items. This state mandated 
assessment program is used to identify students for 
services in ALERT, the district’s gifted and talented 
program. 
2 Iowa Assessments (IA) Each school 
selects two days 
between 
October 24 and 
November 14, 2016 
The IA assessment is intended to estimate students’ 
achievement in reading and mathematics. This state 
mandated assessment program is used to identify 
students for services in ALERT, the district’s Gifted 










Assessment Name Dates Description 









March 9, 2017 
The PTA is a series of assessments designed to 
measure students’ ability to respond to complex 
tasks. There are two levels: primary for grades 2 
and 3, intermediate for grades 4 and 5. Each 
assessment is composed of two domains: verbal and 
non-verbal. 
2 - 8 NWEA’s Measures of 
Academic Progress (MAP) 
Fall: September 
6 - 23, 2016 
Winter: January 
4 - 20, 2017 
Spring: March 
13 - 31, 2017 
MAP is a computer adaptive interim assessment. 
Students take the reading and mathematics tests. 
This assessment meets the state formative 
assessment requirement. 
3 - 8 South Carolina College and 
Career Readiness 
Assessment (SC Ready) 
Last 30 days SC Ready is a statewide assessment that measures 
student performance on the South Carolina College 
and Career Ready English Language Arts (ELA) 
and mathematics standards. 
4 - 8 South Carolina Palmetto 
Assessment of State 
Standards (SCPASS) 
Last 30 days SC Ready is a statewide assessment that measures 
student performance on the South Carolina 
Academic Standards in science and social studies. 
7 - 12 End of Course 
Examination Program 
(EOCEP) 
Fall: December 9, 
2016 - January 6, 
2017 
The End of Course Examination Program (EOCEP) 
is a statewide assessment program of end of course 
tests for gateway courses awarded units of credit in 
English/language arts (English I), mathematics 
(Algebra I), science (Biology I), and social studies 
(United States History and the Constitution). 
EOCEP examination scores count 20% in the 











Assessment Name Dates Description 
11 The ACT February 28, 2017 All eleventh-grade students in South Carolina take 
The ACT as a measure of readiness for college. The 
ACT testing program includes multiple-choice tests 
in English, Reading, Mathematics, and Science, as 
well as a Writing test. 
11 The ACT WorkKeys March 22, 2017 All eleventh-grade students in South Carolina take 
The ACT WorkKeys job skills assessment to 
determining career readiness. The ACT WorkKey 
testing program includes multiple- choice tests in 
reading for information, applied mathematics, and 
locating information. 
K - 12 Assessing Comprehension 
and Communication in 
English State- to-State for 
English Language Learners 
(ACCESS) 
February 6 - 
March 24, 2017 
All students in grades K-12 who are determined to 
have limited English proficiency - based upon the 
completion of a Home Language Survey and the 
initial assessment of their English proficiency - 
must take ACCESS for ELLs. Students must 
continue to take ACCESS until they have scored at 
Level. 
5, Fully English Proficient. 
4 - 8, 11 South Carolina Alternate 
Assessment (SC-Alt) in 
Science and Social Studies 
March-April 2017 The SC-Alt in science/biology and social studies is 
administered to students who meet the participation 
guidelines for alternate assessment and who are 
ages 9–13 and 16 as of September 1 of the 
assessment year. (These are the ages of students 
who are typically in grades 4–8 and 11). The 
assessment consists of a series of performance tasks 
that are linked to the grade level academic standards 










Assessment Name Dates Description 
3 - 8, 11 South Carolina National 
Center and State 





This assessment includes items aligned to the 
NCSC Core Content Connectors that link to the 
South Carolina College Career Ready Standards in 
ELA. It is administered to students who meet the 
eligibility criteria for alternate assessment and who 






TDUS (Teacher Data Use Survey) – Elementary School Level 
Welcome! The purpose of the Teacher Data Use Survey is to learn about how teachers 
use data for educational improvement in your district. Administering the Teacher Data 
Use Survey can provide many benefits to district and school leaders as well as teachers. 
Among them the Teacher Data Use Survey can yield:  
• A comprehensive perspective on how teachers use data, their attitudes toward 
data, and the supports that help them use data.  
• An evidence base on which to plan ongoing support, such as professional 
development, computer data systems, and collaborative structures for data use.  
• A triangulated assessment of how administrator and instructional support staff 
view teacher data use.  
There are three versions of the Teacher Data Use Survey: one for teachers, one for 
instructional support staff and one for principals and assistant principals.  
The Teacher Data Use Survey takes about 15–20 minutes to complete. Please continue to 
the next page to start the survey. 
 
The following questions ask about various forms of data that you may use in your work. 
[Questions will be phrased to match one of three versions of the survey 
[teacher/administrator/instructional support staff]] 
 
1. Are any of the following forms of data available to [you/your teachers/ the 
teachers you support]? 
Possible Responses: Yes No 
<Readiness assessment data> any of myIGDIs, PALS, GOLD, KRA, DRA2, Ravens 
CPM, CogAT, IA     
<Achievement data> PTA, SC-PASS        
   
<Formative assessment data> MAP 
<Individual teacher student data> attendance, demographic and classroom assessments  
<Other>  
 
If you indicated “no” to all options in question 1, skip to question 10. If you responded 
“yes” to any option, please proceed to question 2. 
 
2. Teachers use all kinds of information (i.e., data) to help plan for instruction 
that meets student learning needs. How frequently [you/your teachers/ the 





Possible Responses: Do not use; less than once a month; once or twice a month; 
weekly or almost weekly; a few times a week. 
 
<Readiness assessment data> any of myIGDIs, PALS, GOLD, KRA, DRA2, Ravens 
CPM, CogAT, IA     
<Achievement data> PTA, SC-PASS        
   
<Formative assessment data> MAP 
<Individual teacher student data> attendance, demographic and classroom assessments  
<Other> 
 
3. If you marked the “other” option above, please specify the form of data here: 
_______________________________________ 
  
4. Now, how useful are the following forms of data to [your/teacher/teachers’] 
practice?  
Possible Responses: not useful; somewhat useful; useful; very useful 
 
<Readiness assessment data> any of myIGDIs, PALS, GOLD, KRA, DRA2, Ravens 
CPM, CogAT, IA     
<Achievement data> PTA, SC-PASS        
   
<Formative assessment data> MAP 
<Individual teacher student data> attendance, demographic and classroom assessments  
<Other>  
 
5. If you marked the “other” option above, please specify the form of data here: 
______________________________________. 
 
If you indicated that < Readiness assessment data > is not available to you in question 
1, OR if you indicated that you do not use < Readiness assessment data > in question 
2, please go to question 7. 
  
6. These questions ask about <READINESS ASSESSMENT DATA>. Readiness 
assessment data here refers to any of myIGDIs, PALS, GOLD, KRA, DRA2, 
Ravens CPM, CogAT, or IA whose data is available. In a typical school year, 
how often do [you/your teachers/ the teachers you support] do the following?  
Possible Responses: one or two times a year; a few times a year; monthly; weekly  






b. Use <Readiness assessment data> to tailor instruction to individual students’ 
needs. 
c. Use <Readiness assessment data> to develop recommendations for additional 
instructional support. 
d. Use <Readiness assessment data> to form small groups of students for targeted 
instruction.  
e. Discuss <Readiness assessment data> with a parent or guardian.  
f. Discuss <Readiness assessment data> with a student. 
g. Meet with a specialist (e.g., instructional coach or data coach) about <Readiness 
assessment data>.  
h. Meet with another teacher about <Readiness assessment data>.  
 
If you indicated that < Achievement data > is “not available” to you in question 1, OR 
if you indicated that you “do not use” <Achievement data > in question 2, please go to 
question 8. 
 
7. These questions ask about <ACHIEVEMENT DATA> used in your school or 
district. Here Achievement data refers to PTA or SC-PASS. In a typical month, 
how often do [you/your teachers/ the teachers you support] do the following? 
 
Possible Responses: Less than once a month; once or twice a month; weekly or 
almost weekly; a few times a week 
a. Use <PTA or SC-PASS data> to identify instructional content to use in class. 
b. Use <PTA or SC-PASS data> to tailor instruction to individual students’ needs.  
c. Use <PTA or SC-PASS data> to develop recommendations for additional 
instructional support.  
d. Use <PTA or SC-PASS data> to form small groups of students for targeted 
instruction.  
e. Discuss <PTA or SC-PASS data> with a parent or guardian. 
f. Discuss <PTA or SC-PASS data> with a student.  
g. Meet with a specialist (e.g., instructional coach or data coach) about <PTA or 
SC-PASS data>.  
h. Meet with another teacher about <PTA or SC-PASS data>.  
 
If you indicated that <Formative assessment data> is “not available” to you in question 
1, OR if you indicated that you “do not use” <Formative assessment data> in question 






8. These questions ask about <FORMATIVE ASSESSMENT DATA>. Here 
Formative assessment data refers to MAP assessments. In a typical month, how 
often do [you/your teachers/ the teachers you support] do the following?  
 Possible Responses: Less than once a month; once or twice a month; weekly or 
almost weekly; a few times a week 
a. Use <MAP data> to identify instructional content to use in class.  
b. Use <MAP data> to tailor instruction to individual students’ needs. 
c. Use <MAP data> to develop recommendations for additional instructional 
support.  
d. Use <MAP data> to form small groups of students for targeted instruction.  
e. Discuss <MAP data> with a parent or guardian. 
f. Discuss <MAP data> with a student.  
g. Meet with a specialist (e.g., instructional coach or data coach) about <MAP 
data>. 
h. Meet with another teacher about <MAP data>.  
 
If you indicated that < INDIVIDUAL TEACHER STUDENT DATA> is “not 
available” to you in question 1, OR if you indicated that you “do not use” < Individual 
teacher student data > in question 2, please go to question 10. 
 
9. These questions ask about <Individual teacher student data>. Individual 
teacher student data here refers to data you individually collect on your students 
from demographics, attendance, and teacher choice assessments such as tests, 
quizzes, projects, performance tasks etc. In a typical month, how often do 
[you/your teachers/ the teachers you support] do the following? 
Possible Responses: Less than once a month; once or twice a month; weekly or 
almost weekly; a few times a week 
a. Use <Individual teacher student data> to identify instructional content to use in 
class.  
b. Use <Individual teacher student data> to tailor instruction to individual 
students’ needs.  
c. Use <Individual teacher student data> to develop recommendations for 
additional instructional support.  
d. Use <Individual teacher student data> to form small groups of students for 
targeted instruction.  
e. Discuss <Individual teacher student data> with a parent or guardian. 
f. Discuss <Individual teacher student data> with a student. 
g. Meet with a specialist (e.g., instructional coach or data coach) about <Individual 
teacher student data>. 






The remainder of this survey asks general questions about the use of data to inform your 
education practice. For the rest of this survey, please consider only the following when 
you are asked about “data”:  
 
• myIGDIs, PALS, GOLD, KRA, DRA2, Ravens CPM, CogAT, IA, PTA, SC-
PASS, MAP, ACCESS 
 
 
10. These questions ask about supports for using data. Please indicate how much you 
agree or disagree with the following statements:  
Possible Responses: Strongly Disagree; Disagree; Agree; Strongly Agree. 
a. I am adequately supported in the effective use of data.  
b. I am adequately prepared to use data.  
c. There is someone who answers my questions about using data.  
d. There is someone who helps me change my practice (e.g., my teaching) based on 
data.  
e. My district provides enough professional development about data use.  
f. My district’s professional development is useful for learning about data use.  
 
11. These questions ask about your attitudes and opinions regarding data. Please 
indicate how much you agree or disagree with the following statements:  
Possible Responses: Strongly Disagree; Disagree; Agree; Strongly Agree. 
a. Data help teachers plan instruction.  
b. Data offer information about students that was not already known.  
c. Data help teachers know what concepts students are learning.  
d. Data help teachers identify learning goals for students.  
e. Students benefit when teacher instruction is informed by data.  
f. I think it is important to use data to inform education practice.  
g. I like to use data.  
h. I find data useful.  
i. Using data helps me be a better teacher.  
 
12. These questions ask how your principal and assistant principal(s) support you in 
using data. Principals and assistant principals will not be able to see your answers. 
Please indicate how much you agree or disagree with the following statements:  
Possible Responses: Strongly Disagree; Disagree; Agree; Strongly Agree. 
a. My principal or assistant principal(s) encourages data use as a tool to support 
effective teaching.  
b. My principal or assistant principal(s) creates many opportunities for teachers to 





c. My principal or assistant principal(s) has made sure teachers have plenty of 
training for data use.  
d. My principal or assistant principal(s) is a good example of an effective data user.  
e. My principal or assistant principal(s) discusses data with me.  
f. My principal or assistant principal(s) creates protected time for using data.  
 
13. Your school or district gives you programs, systems, and other technology to help 
you access and use student data. The following questions ask about these 
computer systems. Please indicate how much you agree or disagree with the 
following statements:  
Possible Responses: Strongly Disagree; Disagree; Agree; Strongly Agree. 
a. I have the proper technology to efficiently examine data.  
b. The computer systems in my district provide me access to lots of data.  
c. The computer systems (for data use) in my district are easy to use.  
d. The computer systems in my district allow me to examine various types of data at 
once (e.g., attendance, achievement, demographics).  
e. The computer systems in my district generate displays (e.g., reports, graphs, 
tables) that are useful to me.  
 
14. These questions ask about your attitudes toward your own use of data. Please 
indicate how much you agree or disagree with the following statements:  
Possible Responses: Strongly Disagree; Disagree; Agree; Strongly Agree. 
a. I am good at using data to diagnose student learning needs.  
b. I am good at adjusting instruction based on data.  
c. I am good at using data to plan lessons.  
d. I am good at using data to set student learning goals.  
 
The following questions ask about your work in collaborative teams. 
 
15. How often do you have scheduled meetings to work in collaborative team(s)? 
(Check only one.) 
• Less than once a month. 
• Once or twice a month. 
• Weekly or almost weekly. 
• A few times a week. 
• I do not have scheduled meetings to work in collaborative teams.  
 
If you answered “I do not have scheduled meetings to work in collaborative teams” in 






16. As you think about your collaborative team(s), please indicate how much you 
agree or disagree with the following statements:  
Possible Responses: Strongly Disagree; Disagree; Agree; Strongly Agree. 
a. Members of my team trust each other.  
b. It is ok to discuss feelings and worries with other members of my team.  
c. Members of my team respect colleagues who lead school improvement efforts. 
d. Members of my team respect those colleagues who are experts in their craft.  
e. My principal or assistant principal(s) fosters a trusting environment for discussing 
data in teams.  
 
17. How often do you and your collaborative team(s) do the following?  
Possible Responses: Never; Sometimes; Often; A lot 
a. We approach an issue by looking at data.  
b. We discuss our preconceived beliefs about an issue.  
c. We identify questions that we will seek to answer using data.  
d. We explore data by looking for patterns and trends.  
e. We draw conclusions based on data.  
f. We identify additional data to offer a clearer picture of the issue.  
g. We use data to make links between instruction and student outcomes.  
h. When we consider changes in practice, we predict possible student outcomes.  
i. We revisit predictions made in previous meetings.  
j. We identify actionable solutions based on our conclusions.  
 
18. What else would you like to share with us about data use? 
_____________________________________________________. 
19. Would you be willing to participate in a follow-up interview if necessary?  Yes
 No 
20. If you answered “Yes” to item no. 19, please fill in your preferred way by which 








TDUS (Teacher Data Use Survey) – Middle School Level 
Welcome! The purpose of the Teacher Data Use Survey is to learn about how teachers 
use data for educational improvement in your district. Administering the Teacher Data 
Use Survey can provide many benefits to district and school leaders as well as teachers. 
Among them the Teacher Data Use Survey can yield:  
• A comprehensive perspective on how teachers use data, their attitudes toward 
data, and the supports that help them use data.  
• An evidence base on which to plan ongoing support, such as professional 
development, computer data systems, and collaborative structures for data use.  
• A triangulated assessment of how administrator and instructional support staff 
view teacher data use.  
There are three versions of the Teacher Data Use Survey: one for teachers, one for 
instructional support staff and one for principals and assistant principals.  
The Teacher Data Use Survey takes about 15–20 minutes to complete. Please continue to 
the next page to start the survey. 
 
The following questions ask about various forms of data that you may use in your work. 
[Questions will be phrased to match one of three versions of the survey 
[teacher/administrator/instructional support staff]] 
 
1. Are any of the following forms of data available to [you/your teachers/ the 
teachers you support]? 
Possible Responses: Yes No 
<Readiness assessment data> SC-READY, SC-PASS     
<Achievement data> SC-PASS, EOCEP        
   
<Formative assessment data> MAP 
<Individual teacher student data> attendance, demographic and classroom assessments  
<Other>  
 
If you indicated “no” to all options in question 1, skip to question 10. If you responded 
“yes” to any option, please proceed to question 2. 
 
2. Teachers use all kinds of information (i.e., data) to help plan for instruction that 
meets student learning needs. How frequently do [you/your teachers/ the 
teachers you support] use the following forms of data?  
Possible Responses: Do not use; less than once a month; once or twice a month; 






<Readiness assessment data> SC-READY, SC-PASS  F  
<Achievement data> SC-PASS, EOCEP       
   
<Formative assessment data> MAP 
<Individual teacher student data> attendance, demographic and classroom assessments  
<Other> 
 
3. If you marked the “other” option above, please specify the form of data here: 
________ 
  
4. Now, how useful are the following forms of data to [your/teacher/teachers’] 
practice?  
Possible Responses: not useful; somewhat useful; useful; very useful 
<Readiness assessment data> SC-READY, SC-PASS     
<Achievement data> SC-PASS, EOCEP       
   
<Formative assessment data> MAP 
<Individual teacher student data> attendance, demographic and classroom assessments  
<Other>  
 
5. If you marked the “other” option above, please specify the form of data here: 
_________. 
 
If you indicated that < Readiness assessment data > is not available to you in question 
1, OR if you indicated that you do not use < Readiness assessment data > in question 
2, please go to question 7. 
  
6. These questions ask about <READINESS ASSESSMENT DATA>. Readiness 
assessment data here refers to any of SC-READY, or SC-PASS whose data is 
available. In a typical school year, how often do [you/your teachers/ the 
teachers you support] do the following?  
Possible Responses: one or two times a year; a few times a year; monthly; weekly  
a. Use <SC-READY or SC-PASS data> to identify instructional content to use in 
class.  
b. Use <SC-READY or SC-PASS data> to tailor instruction to individual students’ 
needs. 
c. Use <SC-READY or SC-PASS data> to develop recommendations for 
additional instructional support. 
d. Use <SC-READY or SC-PASS data> to form small groups of students for 





e. Discuss <SC-READY or SC-PASS data> with a parent or guardian.  
f. Discuss <SC-READY or SC-PASS data> with a student. 
g. Meet with a specialist (e.g., instructional coach or data coach) about <SC-
READY or SC-PASS data>.  
h. Meet with another teacher about <SC-READY or SC-PASS data>.  
 
If you indicated that < Achievement data > is “not available” to you in question 1, OR 
if you indicated that you “do not use” <Achievement data > in question 2, please go to 
question 8. 
 
7. These questions ask about <ACHIEVEMENT DATA> used in your school or 
district. Here Achievement data refers to SC-PASS or EOCEP. In a typical 
month, how often do [you/your teachers/ the teachers you support] do the 
following? 
 
Possible Responses: Less than once a month; once or twice a month; weekly or 
almost weekly; a few times a week 
a. Use <EOCEP or SC-PASS data> to identify instructional content to use in class. 
b. Use <EOCEP or SC-PASS data> to tailor instruction to individual students’ 
needs.  
c. Use <EOCEP or SC-PASS data> to develop recommendations for additional 
instructional support.  
d. Use <EOCEP or SC-PASS data> to form small groups of students for targeted 
instruction.  
e. Discuss <EOCEP or SC-PASS data> with a parent or guardian. 
f. Discuss <EOCEP or SC-PASS data> with a student.  
g. Meet with a specialist (e.g., instructional coach or data coach) about <EOCEP or 
SC-PASS data>.  
h. Meet with another teacher about <EOCEP or SC-PASS data>.  
 
If you indicated that <Formative assessment data> is “not available” to you in question 
1, OR if you indicated that you “do not use” <Formative assessment data> in question 
2, please go to question 9. 
 
8. These questions ask about <FORMATIVE ASSESSMENT DATA>. Here 
Formative assessment data refers to MAP assessments. In a typical month, how 
often do [you/your teachers/ the teachers you support] do the following?  
 Possible Responses: Less than once a month; once or twice a month; weekly or 
almost weekly; a few times a week 





b. Use <MAP data> to tailor instruction to individual students’ needs. 
c. Use <MAP data> to develop recommendations for additional instructional 
support.  
d. Use <MAP data> to form small groups of students for targeted instruction.  
e. Discuss <MAP data> with a parent or guardian. 
f. Discuss <MAP data> with a student.  
g. Meet with a specialist (e.g., instructional coach or data coach) about <MAP 
data>. 
h. Meet with another teacher about <MAP data>.  
 
If you indicated that < INDIVIDUAL TEACHER STUDENT DATA> is “not 
available” to you in question 1, OR if you indicated that you “do not use” < Individual 
teacher student data > in question 2, please go to question 10. 
 
9. These questions ask about <Individual teacher student data>. Individual 
teacher student data here refers to data you individually collect on your students 
from demographics, attendance, and teacher choice assessments such as tests, 
quizzes, projects, performance tasks etc. In a typical month, how often do 
[you/your teachers/ the teachers you support] do the following? 
Possible Responses: Less than once a month; once or twice a month; weekly or 
almost weekly; a few times a week 
a. Use <Individual teacher student data> to identify instructional content to use in 
class.  
b. Use <Individual teacher student data> to tailor instruction to individual 
students’ needs.  
c. Use <Individual teacher student data> to develop recommendations for 
additional instructional support.  
d. Use <Individual teacher student data> to form small groups of students for 
targeted instruction.  
e. Discuss <Individual teacher student data> with a parent or guardian. 
f. Discuss <Individual teacher student data> with a student. 
g. Meet with a specialist (e.g., instructional coach or data coach) about <Individual 
teacher student data>. 
h. Meet with another teacher about <Individual teacher student data>.  
 
The remainder of this survey asks general questions about the use of data to inform your 
education practice. For the rest of this survey, please consider only the following when 
you are asked about “data”:  
 
• myIGDIs, PALS, GOLD, KRA, DRA2, Ravens CPM, CogAT, IA, PTA, SC-






10. These questions ask about supports for using data. Please indicate how much you 
agree or disagree with the following statements:  
Possible Responses: Strongly Disagree; Disagree; Agree; Strongly Agree. 
a. I am adequately supported in the effective use of data.  
b. I am adequately prepared to use data.  
c. There is someone who answers my questions about using data.  
d. There is someone who helps me change my practice (e.g., my teaching) based on 
data.  
e. My district provides enough professional development about data use.  
f. My district’s professional development is useful for learning about data use.  
 
11. These questions ask about your attitudes and opinions regarding data. Please 
indicate how much you agree or disagree with the following statements:  
Possible Responses: Strongly Disagree; Disagree; Agree; Strongly Agree. 
a. Data help teachers plan instruction.  
b. Data offer information about students that was not already known.  
c. Data help teachers know what concepts students are learning.  
d. Data help teachers identify learning goals for students.  
e. Students benefit when teacher instruction is informed by data.  
f. I think it is important to use data to inform education practice.  
g. I like to use data.  
h. I find data useful.  
i. Using data helps me be a better teacher.  
 
12. These questions ask how your principal and assistant principal(s) support you in 
using data. Principals and assistant principals will not be able to see your answers. 
Please indicate how much you agree or disagree with the following statements:  
Possible Responses: Strongly Disagree; Disagree; Agree; Strongly Agree. 
a. My principal or assistant principal(s) encourages data use as a tool to support 
effective teaching.  
b. My principal or assistant principal(s) creates many opportunities for teachers to 
use data.  
c. My principal or assistant principal(s) has made sure teachers have plenty of 
training for data use.  
d. My principal or assistant principal(s) is a good example of an effective data user.  
e. My principal or assistant principal(s) discusses data with me.  






13. Your school or district gives you programs, systems, and other technology to help 
you access and use student data. The following questions ask about these 
computer systems. Please indicate how much you agree or disagree with the 
following statements:  
Possible Responses: Strongly Disagree; Disagree; Agree; Strongly Agree. 
a. I have the proper technology to efficiently examine data.  
b. The computer systems in my district provide me access to lots of data.  
c. The computer systems (for data use) in my district are easy to use.  
d. The computer systems in my district allow me to examine various types of data at 
once (e.g., attendance, achievement, demographics).  
e. The computer systems in my district generate displays (e.g., reports, graphs, 
tables) that are useful to me.  
 
14. These questions ask about your attitudes toward your own use of data. Please 
indicate how much you agree or disagree with the following statements:  
Possible Responses: Strongly Disagree; Disagree; Agree; Strongly Agree. 
a. I am good at using data to diagnose student learning needs.  
b. I am good at adjusting instruction based on data.  
c. I am good at using data to plan lessons.  
d. I am good at using data to set student learning goals.  
 
The following questions ask about your work in collaborative teams. 
 
15. How often do you have scheduled meetings to work in collaborative team(s)? 
(Check only one.) 
• Less than once a month. 
• Once or twice a month. 
• Weekly or almost weekly. 
• A few times a week. 
• I do not have scheduled meetings to work in collaborative teams.  
 
If you answered “I do not have scheduled meetings to work in collaborative teams” in 
question 15, please go to question 18. 
 
16. As you think about your collaborative team(s), please indicate how much you 
agree or disagree with the following statements:  
Possible Responses: Strongly Disagree; Disagree; Agree; Strongly Agree. 
a. Members of my team trust each other.  
b. It is ok to discuss feelings and worries with other members of my team.  





d. Members of my team respect those colleagues who are experts in their craft.  
e. My principal or assistant principal(s) fosters a trusting environment for discussing 
data in teams.  
 
17. How often do you and your collaborative team(s) do the following?  
Possible Responses: Never; Sometimes; Often; A lot 
a. We approach an issue by looking at data.  
b. We discuss our preconceived beliefs about an issue.  
c. We identify questions that we will seek to answer using data.  
d. We explore data by looking for patterns and trends.  
e. We draw conclusions based on data.  
f. We identify additional data to offer a clearer picture of the issue.  
g. We use data to make links between instruction and student outcomes.  
h. When we consider changes in practice, we predict possible student outcomes.  
i. We revisit predictions made in previous meetings.  
j. We identify actionable solutions based on our conclusions.  
 
18. What else would you like to share with us about data use? 
________________________ 
19. Would you be willing to participate in a follow-up interview if necessary?  Yes
 No 
20. If you answered “Yes” to item no. 19, please fill in your preferred way by which 







TDUS (Teacher Data Use Survey) – High School Level 
Welcome! The purpose of the Teacher Data Use Survey is to learn about how teachers 
use data for educational improvement in your district. Administering the Teacher Data 
Use Survey can provide many benefits to district and school leaders as well as teachers. 
Among them the Teacher Data Use Survey can yield:  
• A comprehensive perspective on how teachers use data, their attitudes toward 
data, and the supports that help them use data.  
• An evidence base from which to plan ongoing support, such as professional 
development, computer data systems, and collaborative structures for data use.  
• A triangulated assessment of how administrator and instructional support staff 
view teacher data use.  
There are three versions of the Teacher Data Use Survey: one for teachers, one for 
instructional support staff and one for principals and assistant principals.  
The Teacher Data Use Survey takes about 15–20 minutes to complete. Please continue to 
the next page to start the survey. 
 
The following questions ask about various forms of data that you may use in your work. 
[Questions will be phrased to match one of three versions of the survey 
[teacher/administrator/instructional support staff]] 
 
1. Are any of the following forms of data available to [you/your teachers/ the 
teachers you support]? 
Possible Responses: Yes No 
<Readiness assessment data> PSAT, ACT, SAT, WorkKeys, WIN Learning's Ready to 
Work      
<Achievement data> EOCEP, AP, IB        
   
<Formative assessment data> MAP, Formative Assessment (Reading and Mathematics) 
<Individual teacher student data> attendance, demographic and classroom assessments  
<Other>  
 
If you indicated “no” to all options in question 1, skip to question 10. If you responded 
“yes” to any option, please proceed to question 2. 
 
2. Teachers use all kinds of information (i.e., data) to help plan for instruction that 
meets student learning needs. How frequently do [you/your teachers/ the 
teachers you support] use the following forms of data?  
Possible Responses: Do not use; less than once a month; once or twice a month; 






<Readiness assessment data> PSAT, ACT, SAT, WorkKeys, WIN Learning's Ready to 
Work      
<Achievement data> EOCEP, AP, IB        
   
<Formative assessment data> MAP, Formative Assessment (Reading and Mathematics) 
<Individual teacher student data> attendance, demographic and classroom assessments  
<Other> 
 
3. If you marked the “other” option above, please specify the form of data here: 
_________ 
  
4. Now, how useful are the following forms of data to [your/teacher/teachers’] 
practice?  
Possible Responses: not useful; somewhat useful; useful; very useful 
 
<Readiness assessment data> PSAT, ACT, SAT, WorkKeys, WIN Learning's Ready to 
Work      
<Achievement data> EOCEP, AP, IB        
   
<Formative assessment data> MAP, Formative Assessment (Reading and Mathematics) 
<Individual teacher student data> attendance, demographic and classroom assessments  
<Other>  
 
5. If you marked the “other” option above, please specify the form of data here: 
________. 
 
If you indicated that < Readiness assessment data > is not available to you in question 
1, OR if you indicated that you do not use < Readiness assessment data > in question 
2, please go to question 7. 
  
6. These questions ask about <READINESS ASSESSMENT DATA>. Readiness 
assessment data here refers to college and career readiness as measured by PSAT, 
ACT or SAT, WorkKeys, WIN Learning's Ready to Work. In a typical school 
year, how often do [you/your teachers/ the teachers you support] do the 
following?  
Possible Responses: one or two times a year; a few times a year; monthly; weekly  
a. Use <READINESS ASSESSMENT data> to identify instructional content to 





b. Use <READINESS ASSESSMENT data> to tailor instruction to individual 
students’ needs. 
c. Use <READINESS ASSESSMENT data> to develop recommendations for 
additional instructional support. 
d. Use <READINESS ASSESSMENT data> to form small groups of students for 
targeted instruction.  
e. Discuss <READINESS ASSESSMENT data> with a parent or guardian.  
f. Discuss <READINESS ASSESSMENT data> with a student. 
g. Meet with a specialist (e.g., instructional coach or data coach) about 
<READINESS ASSESSMENT data>.  
h. Meet with another teacher about <READINESS ASSESSMENT data>.  
 
If you indicated that < Achievement data > is “not available” to you in question 1, OR 
if you indicated that you “do not use” <Achievement data > in question 2, please go to 
question 8. 
 
7. These questions ask about <ACHIEVEMENT DATA> used in your school or 
district. Here Achievement data refers to SC-PASS or EOCEP. In a typical 
month, how often do [you/your teachers/ the teachers you support] do the 
following? 
 
Possible Responses: Less than once a month; once or twice a month; weekly or 
almost weekly; a few times a week 
a. Use <EOCEP or SC-PASS data> to identify instructional content to use in class. 
b. Use <EOCEP or SC-PASS data> to tailor instruction to individual students’ 
needs.  
c. Use <EOCEP or SC-PASS data> to develop recommendations for additional 
instructional support.  
d. Use <EOCEP or SC-PASS data> to form small groups of students for targeted 
instruction.  
e. Discuss <EOCEP or SC-PASS data> with a parent or guardian. 
f. Discuss <EOCEP or SC-PASS data> with a student.  
g. Meet with a specialist (e.g., instructional coach or data coach) about <EOCEP or 
SC-PASS data>.  
h. Meet with another teacher about <EOCEP or SC-PASS data>.  
 
If you indicated that <Formative assessment data> is “not available” to you in question 
1, OR if you indicated that you “do not use” <Formative assessment data> in question 






8. These questions ask about <FORMATIVE ASSESSMENT DATA>. Here 
Formative assessment data refers to MAP assessments. In a typical month, how 
often [you/your teachers/ the teachers you support] do the following?  
 Possible Responses: Less than once a month; once or twice a month; weekly or 
almost weekly; a few times a week 
a. Use <MAP data> to identify instructional content to use in class.  
b. Use <MAP data> to tailor instruction to individual students’ needs. 
c. Use <MAP data> to develop recommendations for additional instructional 
support.  
d. Use <MAP data> to form small groups of students for targeted instruction.  
e. Discuss <MAP data> with a parent or guardian. 
f. Discuss <MAP data> with a student.  
g. Meet with a specialist (e.g., instructional coach or data coach) about <MAP 
data>. 
h. Meet with another teacher about <MAP data>.  
 
If you indicated that < INDIVIDUAL TEACHER STUDENT DATA> is “not 
available” to you in question 1, OR if you indicated that you “do not use” < Individual 
teacher student data > in question 2, please go to question 10. 
 
9. These questions ask about <Individual teacher student data>. Individual 
teacher student data here refers to data you individually collect on your students 
from demographics, attendance, and teacher choice assessments such as tests, 
quizzes, projects, performance tasks etc. In a typical month, how often do 
[you/your teachers/ the teachers you support] do the following? 
Possible Responses: Less than once a month; once or twice a month; weekly or 
almost weekly; a few times a week 
a. Use <Individual teacher student data> to identify instructional content to use in 
class.  
b. Use <Individual teacher student data> to tailor instruction to individual 
students’ needs.  
c. Use <Individual teacher student data> to develop recommendations for 
additional instructional support.  
d. Use <Individual teacher student data> to form small groups of students for 
targeted instruction.  
e. Discuss <Individual teacher student data> with a parent or guardian. 
f. Discuss <Individual teacher student data> with a student. 
g. Meet with a specialist (e.g., instructional coach or data coach) about <Individual 
teacher student data>. 






The remainder of this survey asks general questions about the use of data to inform your 
education practice. For the rest of this survey, please consider only the following when 
you are asked about “data”:  
 
• myIGDIs, PALS, GOLD, KRA, DRA2, Ravens CPM, CogAT, IA, PTA, SC-
PASS, MAP, ACCESS, ACT, SAT, AP, IB, WorkKeys, WIN Learning’s Ready 
to Work, EOCEP, PSAT. 
 
 
10. These questions ask about supports for using data. Please indicate how much you 
agree or disagree with the following statements:  
Possible Responses: Strongly Disagree; Disagree; Agree; Strongly Agree. 
a. I am adequately supported in the effective use of data.  
b. I am adequately prepared to use data.  
c. There is someone who answers my questions about using data.  
d. There is someone who helps me change my practice (e.g., my teaching) based on 
data.  
e. My district provides enough professional development about data use.  
f. My district’s professional development is useful for learning about data use.  
 
11. These questions ask about your attitudes and opinions regarding data. Please 
indicate how much you agree or disagree with the following statements:  
Possible Responses: Strongly Disagree; Disagree; Agree; Strongly Agree. 
a. Data help teachers plan instruction.  
b. Data offer information about students that was not already known.  
c. Data help teachers know what concepts students are learning.  
d. Data help teachers identify learning goals for students.  
e. Students benefit when teacher instruction is informed by data.  
f. I think it is important to use data to inform education practice.  
g. I like to use data.  
h. I find data useful.  
i. Using data helps me be a better teacher.  
 
12. These questions ask how your principal and assistant principal(s) support you in 
using data. Principals and assistant principals will not be able to see your answers. 
Please indicate how much you agree or disagree with the following statements:  
Possible Responses: Strongly Disagree; Disagree; Agree; Strongly Agree. 
a. My principal or assistant principal(s) encourages data use as a tool to support 





b. My principal or assistant principal(s) creates many opportunities for teachers to 
use data.  
c. My principal or assistant principal(s) has made sure teachers have plenty of 
training for data use.  
d. My principal or assistant principal(s) is a good example of an effective data user.  
e. My principal or assistant principal(s) discusses data with me.  
f. My principal or assistant principal(s) creates protected time for using data.  
 
13. Your school or district gives you programs, systems, and other technology to help 
you access and use student data. The following questions ask about these 
computer systems. Please indicate how much you agree or disagree with the 
following statements:  
Possible Responses: Strongly Disagree; Disagree; Agree; Strongly Agree. 
a. I have the proper technology to efficiently examine data.  
b. The computer systems in my district provide me access to lots of data.  
c. The computer systems (for data use) in my district are easy to use.  
d. The computer systems in my district allow me to examine various types of data at 
once (e.g., attendance, achievement, demographics).  
e. The computer systems in my district generate displays (e.g., reports, graphs, 
tables) that are useful to me.  
 
14. These questions ask about your attitudes toward your own use of data. Please 
indicate how much you agree or disagree with the following statements:  
Possible Responses: Strongly Disagree; Disagree; Agree; Strongly Agree. 
a. I am good at using data to diagnose student learning needs.  
b. I am good at adjusting instruction based on data.  
c. I am good at using data to plan lessons.  
d. I am good at using data to set student learning goals.  
 
The following questions ask about your work in collaborative teams. 
 
15. How often do you have scheduled meetings to work in collaborative team(s)? 
(Check only one.) 
• Less than once a month. 
• Once or twice a month. 
• Weekly or almost weekly. 
• A few times a week. 






If you answered “I do not have scheduled meetings to work in collaborative teams” in 
question 15, please go to question 18. 
 
16. As you think about your collaborative team(s), please indicate how much you 
agree or disagree with the following statements:  
Possible Responses: Strongly Disagree; Disagree; Agree; Strongly Agree. 
a. Members of my team trust each other.  
b. It is ok to discuss feelings and worries with other members of my team.  
c. Members of my team respect colleagues who lead school improvement efforts. 
d. Members of my team respect those colleagues who are experts in their craft.  
e. My principal or assistant principal(s) fosters a trusting environment for discussing 
data in teams.  
 
17. How often do you and your collaborative team(s) do the following?  
Possible Responses: Never; Sometimes; Often; A lot 
a. We approach an issue by looking at data.  
b. We discuss our preconceived beliefs about an issue.  
c. We identify questions that we will seek to answer using data.  
d. We explore data by looking for patterns and trends.  
e. We draw conclusions based on data.  
f. We identify additional data to offer a clearer picture of the issue.  
g. We use data to make links between instruction and student outcomes.  
h. When we consider changes in practice, we predict possible student outcomes.  
i. We revisit predictions made in previous meetings.  
j. We identify actionable solutions based on our conclusions.  
 
18. What else would you like to share with us about data use? 
_______________________. 
19. Would you be willing to participate in a follow-up interview if necessary?  Yes
 No 
20. If you answered “Yes” to item no. 19, please fill in your preferred way by which 





APPENDIX B: SPSS OUTPUT
DATASET CLOSE DataSet1.   
DATASET ACTIVATE DataSet5.   
DATASET CLOSE DataSet4.   
REGRESSION   
 /DESCRIPTIVES MEAN STDDEV CORR SIG N   
 /MISSING LISTWISE   
 /STATISTICS COEFF OUTS CI(95) R ANOVA COLLIN TOL CHANGE 
ZPP   
 /CRITERIA=PIN(.05) POUT(.10)   
 /NOORIGIN   
 /DEPENDENT ACTIONS   
 /METHOD=ENTER COMP   
 /METHOD=ENTER TRUST   
 /METHOD=ENTER ATTITUDE   
 /METHOD=ENTER SUPPORT   
 /PARTIALPLOT ALL   
 /RESIDUALS DURBIN HISTOGRAM(ZRESID) NORMPROB(ZRESID)   
 /CASEWISE PLOT(ZRESID) OUTLIERS(3)   










Table B.1 SPSS Regression descriptive statistics 
 Mean Std. Deviation N 
AOD (actions) 2.2642 0.52304 757 
CIUD (competence) 3.1419 0.52081 757 
ATD (attitude) 3.1664 0.51273 757 
OSDU (support) 3.1590 0.46009 757 








Table B.2 SPSS Correlations 
  AOD CIUD ATD OSDU CTT 
Pearson Correlation AOD 1.000 0.345 0.405 0.395 0.222 
  CIUD 0.345 1.000 0.419 0.530 0.274 
  ATD 0.405 0.419 1.000 0.484 0.309 
  OSDU 0.395 0.530 0.484 1.000 0.468 
  CTT 0.222 0.274 0.309 0.468 1.000 
Sig. (1-tailed) AOD  0.000 0.000 0.000 0.000 
  CIUD 0.000  0.000 0.000 0.000 
  ATD 0.000 0.000  0.000 0.000 
  OSDU 0.000 0.000 0.000  0.000 
  CTT 0.000 0.000 0.000 0.000  
N AOD 757 757 757 757 757 
  CIUD 757 757 757 757 757 
  ATD 757 757 757 757 757 
  OSDU 757 757 757 757 757 









Table B.3 SPSS Variables Entered/Removed 
Model Variables Entered Variables Removed Method 
1 CIUDb   Enter 
2 ATDb   Enter 
3 OSDUb   Enter 
4 CTTb   Enter 
a. Dependent Variable: AOD 







Table B.4 SPSS Model Summary 
      Change Statistics    














1 .345a 0.119 0.118 0.49125 0.119 102.017 1 755 0.000 
 
2 .448b 0.201 0.199 0.46811 0.082 77.472 1 754 0.000 
 
3 .477c 0.227 0.224 0.46068 0.026 25.539 1 753 0.000 
 
4 .477d 0.228 0.223 0.46091 0.000 0.229 1 752 0.633 1.874 
Note.  
a. Predictors: (Constant), CIUD 
b. Predictors: (Constant), CIUD, ATD 
c. Predictors: (Constant), CIUD, ATD, OSDU 
d. Predictors: (Constant), CIUD, ATD, OSDU, CTT 









a. Dependent Variable: AOD 
b. Predictors: (Constant), CIUD 
c. Predictors: (Constant), CIUD, ATD 
d. Predictors: (Constant), CIUD, ATD, OSDU 
e. Predictors: (Constant), CIUD, ATD, OSDU, CTT  
 
ANOVAa 
Model Sum of Squares df Mean Square F Sig. 
1 Regression 24.619 1 24.619 102.017 .000b 
  Residual 182.201 755 0.241     
  Total 206.821 756       
2 Regression 41.596 2 20.798 94.911 .000c 
  Residual 165.225 754 0.219     
  Total 206.821 756       
3 Regression 47.016 3 15.672 73.846 .000d 
  Residual 159.805 753 0.212     
  Total 206.821 756       
4 Regression 47.065 4 11.766 55.385 .000e 
  Residual 159.756 752 0.212     











Coefficients   
95.0% Confidence 











order Partial Part Tolerance VIF 
1 (Constant) 1.176 0.109   10.760 0.000 0.961 1.390           
  CIDU 0.346 0.034 0.345 10.100 0.000 0.279 0.414 0.345 0.345 0.345 1.000 1.000 
2 (Constant) 0.574 0.125   4.605 0.000 0.329 0.818           
  CIDU 0.214 0.036 0.213 5.935 0.000 0.143 0.284 0.345 0.211 0.193 0.824 1.213 
  ATD 0.322 0.037 0.316 8.802 0.000 0.250 0.394 0.405 0.305 0.287 0.824 1.213 
3 (Constant) 0.307 0.133   2.302 0.022 0.045 0.569           
  CIDU 0.133 0.039 0.132 3.414 0.001 0.056 0.209 0.345 0.123 0.109 0.685 1.461 
  ATD 0.256 0.038 0.251 6.687 0.000 0.181 0.331 0.405 0.237 0.214 0.729 1.372 
  OSDU 0.231 0.046 0.203 5.054 0.000 0.141 0.321 0.395 0.181 0.162 0.636 1.573 
4 (Constant) 0.286 0.141   2.028 0.043 0.009 0.562           
  CIDU 0.133 0.039 0.132 3.406 0.001 0.056 0.209 0.345 0.123 0.109 0.684 1.461 
  ATD 0.254 0.038 0.249 6.601 0.000 0.179 0.330 0.405 0.234 0.212 0.721 1.387 
  OSDU 0.223 0.049 0.196 4.568 0.000 0.127 0.318 0.395 0.164 0.146 0.558 1.791 
  CTT 0.017 0.035 0.017 0.478 0.633 -0.052 0.086 0.222 0.017 0.015 0.772 1.295 






Table B.6 SPSS Excluded Variables 
Excluded Variablesa 
      Collinearity Statistics 
Model 
Beta 
In t Sig. 
Partial 
Correlation Tolerance VIF 
Minimum 
Tolerance 
1 attitude .316b 8.802 0.000 0.305 0.824 1.213 0.824 
  support .295b 7.581 0.000 0.266 0.719 1.391 0.719 
  trust .138b 3.921 0.000 0.141 0.925 1.081 0.925 
2 support .203c 5.054 0.000 0.181 0.636 1.573 0.636 
  trust .075c 2.180 0.030 0.079 0.879 1.138 0.784 
3 trust .017d 0.478 0.633 0.017 0.772 1.295 0.558 
a. Dependent Variable: AOD (action) 
b. Predictors in the Model: (Constant), competence 
c. Predictors in the Model: (Constant), competence, attitude 







Table B.7 SPSS Collinearity Diagnostics 
Collinearity Diagnosticsa 

















1 1 1.987 1.000 0.01 0.01 
   
 
2 0.013 12.156 0.99 0.99 
   
2 1 2.972 1.000 0.00 0.00 0.00 
  
 
2 0.015 13.977 0.01 0.82 0.58 
  
 
3 0.012 15.469 0.99 0.18 0.41 
  
3 1 3.962 1.000 0.00 0.00 0.00 0.00 
 
 
2 0.015 16.110 0.01 0.61 0.57 0.01 
 
 
3 0.012 17.810 0.72 0.21 0.39 0.02 
 
 
4 0.010 20.108 0.26 0.17 0.04 0.97 
 
4 1 4.944 1.000 0.00 0.00 0.00 0.00 0.00  
2 0.021 15.505 0.00 0.23 0.08 0.00 0.67  
3 0.015 18.062 0.00 0.45 0.73 0.01 0.01  
4 0.011 20.913 0.99 0.06 0.12 0.02 0.14  
5 0.009 23.251 0.01 0.26 0.07 0.96 0.17 


















Predicted Value 1.2977 2.7904 2.2642 0.24951 757 
Std. Predicted Value -3.873 2.109 0.000 1.000 757 
Standard Error of Predicted 
Value 
0.018 0.104 0.035 0.014 757 
Adjusted Predicted Value 1.2900 2.7955 2.2643 0.24972 757 
Residual -1.03844 1.34766 0.00000 0.45969 757 
Std. Residual -2.253 2.924 0.000 0.997 757 
Stud. Residual -2.256 2.932 0.000 1.001 757 
Deleted Residual -1.04120 1.35532 -0.00006 0.46276 757 
Stud. Deleted Residual -2.262 2.947 0.000 1.002 757 
Mahal. Distance 0.179 37.536 3.995 4.375 757 
Cook's Distance 0.000 0.026 0.001 0.002 757 
Centered Leverage Value 0.000 0.050 0.005 0.006 757 

























































Figure B.8 SPSS Scatterplot of the Studentized Residuals vs Unstandardized Predicted 
Values  
  
 
